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Abstract: 
Background & Aims: Ultrasound (US)-based screening has been recommended for patients with an increased risk of hepatocellular Carcinoma (HCC). US analysis is, however, limited in patients who are obese or have small tumors. Addition of measurement of serum level of alpha-fetoprotein (AFP) to US analysis can increase detection of HCC. We analyzed data from patients with chronic liver disease, collected over 15 years in an HCC surveillance program, to develop a model to assess risk of HCC.

Methods: We collected data from 3450 patients with chronic liver disease undergoing US surveillance in Japan from March 1998 through April 2014 and followed for a median 8.83 years. We performed longitudinal discriminant analysis of serial AFP measurements (median number of observations/patient, 56; approximate every 3 months) to develop a model to determine risk of HCC. We validated the model using data from 2 cohorts of patients with chronic liver disease in Japan (404 and 2754 patients) and 1 cohort in Scotland (1596 patients).

Results: HCC was detected in 413 patients (median tumor diameter, 1.8 cm), during a median follow-up time of 6.60 years. In the development dataset, the model identified patients who developed HCC with an area under the curve of 0.78; it correctly identified 74.3% of patients who did develop HCC, and 72.9% of patients who did not. Overall, 73.1% of patients were correctly classified. The model could be used to assign patients to a high-risk group (27.5 HCCs/1000 patient-years) vs a low-risk group (4.9 HCCs/1000 patient-years). Similar performance was observed when the model was used to assess patients with cirrhosis. Analysis of the validation cohorts produced similar results.

Conclusions: We developed and validated a model to identify patients with chronic liver disease who are at risk for HCC based on change in serum level of AFP over time. The model could be used to assign patients to high-risk vs low-risk groups, and might be used to select patients for surveillance.

KEY WORDS: liver cancer, stratification; prognostic factor; biomarker

Need to Know

Background: Addition of measurement of serum level of alpha-fetoprotein (AFP) to ultrasound analysis can increase detection of HCC. 

Findings: The authors developed and validated model to identify patients with chronic liver disease who are at risk for HCC based in change in serum level of AFP over time; it accurately identified 73.1% of patients who did or did not develop HCC.

Implications for patient care: The model could be used to assign patients to groups with high vs low risk for HCC and might be used to select patients for surveillance.



[bookmark: __Fieldmark__33_176171680][bookmark: __Fieldmark__33_2112642269][bookmark: __Fieldmark__33_258880528][bookmark: __Fieldmark__33_2827250144][bookmark: __Fieldmark__94_2595332950][bookmark: __Fieldmark__66_258880528][bookmark: __Fieldmark__126_2595332950][bookmark: __Fieldmark__75_2112642269][bookmark: __Fieldmark__69_258880528][bookmark: __Fieldmark__127_2595332950]Hepatocellular carcinoma (HCC) is the third most common cause of cancer-related death worldwide and the leading cause of death in patients with cirrhosis, the setting within which most HCCs arise.1 Since potentially curative therapies are only available for patients with early stage HCC, ultrasound-based screening (USS) is widely recommended although its impact on overall survival remains controversial.  USS does however, have severe limitations. Recent studies suggest that its sensitivity for early HCC is less than 50% for small tumours.2-4 However, USS surveillance may be enhanced by addition of  the serum biomarker AFP 4 
[bookmark: __Fieldmark__115_176171680][bookmark: __Fieldmark__104_2827250144][bookmark: __Fieldmark__150_2595332950][bookmark: __Fieldmark__80_258880528][bookmark: __Fieldmark__92_2112642269]Japan has implemented a rigorous surveillance program resulting in clear evidence that the stage at which HCC is detected has decreased and that overall survival has been improved. The Japanese surveillance program relies on regular US surveillance with AFP and two additional biomarkers, AFP–L3 and DCP, both of which have FDA-approval for HCC screening. 5-7
Here, we have analysed a unique dataset of patients with chronic liver disease, prospectively followed-up for over 15 years within a rigorous HCC surveillance program using a recently developed statistical methodology (longitudinal discriminant analysis (LoDA))8, 9, with the aim of stratifying patients according to their risk of developing HCC. This could identify a subgroup for more intensive monitoring with the aim of early diagnosis.
The use of longitudinal AFP measurements in screening for HCC has been considered previously with encouraging results.10, 11 However, these models were developed only in patients with hepatitis-C, and have only been validated internally. Here we examine multiple disease aetiologies over long time periods and offer an externally validated tool that is ready for practical application.
Materials and Methods - Model derivation dataset
The model described here was built on a total sample of 3450 patients undergoing surveillance at Ogaki municipal hospital in Japan.  Patients were recruited between March 1998 and April 2014 with a median follow up of 8.83 years. AFP levels above 20ng/ml or a positive USS triggered a diagnostic workup for HCC. Of those undergoing surveillance, 413 developed HCC (12%). The diagnosis of HCC was made according to EASL guidelines,12 but it should be noted that diagnosis of HCC was established histologically in more than 99% of cases because of the very high rate of resection. Median maximum tumour size at HCC diagnosis was 2cm, 84.2% were within Milan criteria and 99.76% (412 out of 413) underwent treatment with curative intent.
Fifty four percent of the patients in the Ogaki cohort were HCV seropositive, 23.3% seropositive HBV, 21.8% had ‘other’ forms of chronic disease (Table 1). Of the 1876 (54.4%) patients who had hepatitis C, 998 (53%) were successfully treated with various anti-viral therapies, and only 83 (8.3%) of this subgroup went on to develop HCC. By contrast, 175 (25.8%) of the 679 patients who received no treatment for hepatitis C, and 62 (31.2%) of the 199 patients whose treatment failed, developed HCC. Our preliminary analysis showed that the great majority of cases in which Fib-4 was > 3.25 had severe fibrosis or cirrhosis as assessed histologically. Henceforth we regraded patients with Fib-4 > 3.25 as ‘cirrhotic’.
Model validation datasets
External validation was performed in three additional cohorts, two from Japan and one from Scotland.  The Kindai cohort consists of 404 patients recruited between January 2000 and July 2017 at the Kindai University hospital in Osaka of whom 66 (16%) developed HCC, during a median follow up of 2.42 years. The Osaka Red Cross Hospital cohort comprised 2754 patients recruited between January 2004 and May 2018 of whom 341 (12%) developed HCC during this period of observation, with a median follow up of 8.63 years.
We also validated our model using a UK-based dataset from the Edinburgh region of Scotland. This dataset comprised 1596 patients, 87 (5%) of whom developed HCC whilst under active HCC surveillance between January 2009 and December 2016 (median follow-up 4.77 years). These patients were all cirrhotic. Details of this cohort have been previously published and the relevant dataset (used here) is publicly available.13 
[bookmark: __Fieldmark__228_2595332950][bookmark: __Fieldmark__181_176171680][bookmark: __Fieldmark__137_258880528][bookmark: __Fieldmark__152_2112642269][bookmark: __Fieldmark__167_2827250144]The Red Cross and Kindai cohorts are part of the Japanese surveillance programme, but represent independent institutions.  All Japanese patients in this study underwent surveillance according to the Japanese Liver Cancer Group guidelines14 involving ultrasound examination and biomarker analysis. The median size of tumour detected was 1.8 cm, (90%< 3cm). The Edinburgh cohort was included to assess the utility of a model developed in a Japanese cohort in predicting patients at risk of developing HCC within a western population, containing only cirrhotic patients. 
Statistical Methods
To visualize changes in AFP levels over time, we plotted time backwards from the diagnosis of HCC or the last sample and presented smoothed mean profiles with 95% confidence intervals (using generalized additive models) separately for patients who developed HCC and those who did not. 
[bookmark: __Fieldmark__686_2595332950][bookmark: __Fieldmark__566_258880528][bookmark: __Fieldmark__583_2112642269][bookmark: __Fieldmark__604_2827250144]To assess a patient’s risk of developing HCC, we applied a longitudinal discriminant analysis (LoDA) approach.8, 9 Changes over time in log(AFP) were modelled using linear mixed models, with separate models for patients who developed HCC during surveillance and those who did not, and were adjusted for age and gender. Full details of the linear mixed models are given in the Supplementary material. The LoDA approach then calculated a probability that a new patient would develop HCC by assessing which of the two average profiles (HCC/Non-HCC) the patient was closest to. The marginal profile of a patient’s biomarker values was used in order to assess similarity to patients in each group.15
Predictions were dynamically updated each time a new measurement was available for a patient. We adopted the classification scheme shown in Figure 1 to classify patients. At each visit, the patient’s risk of developing HCC was calculated using the current visit and all previously known data from that patient. If this risk was greater than a given threshold (chosen by a ROC analysis), then the patient was classified as likely to develop HCC and prediction would stop for this patient. As long as a patient’s risk of developing HCC remained below the threshold, their risk was updated at their next follow up visit.
The longitudinal serum biomarker AFP was log-transformed for this analysis due to extreme skewness. Leave-one-out cross-validation was used to assess the predictive accuracy of this model. The model was externally validated in the Kindai, Red Cross and Edinburgh datasets, by fitting the model to all patients in the Ogaki dataset and then predicting the risk of developing HCC for each patient in the three validation cohorts using the allocation scheme in Figure 1. Calculations were performed in R using the mixAK package.16
Prediction accuracy was measured using sensitivity, specificity, positive predictive value (PPV) and negative predictive value (NPV). Since we test our prediction model at successive visits (until a patient is classified as high risk, or all available visits are considered) we report a patient-level sensitivity as the proportion of cases with at least one positive screening test.10 Similarly, we report a patient-level specificity as the proportion of non-cases who have no positive tests whilst under observation. Patient level PPV (proportion of patients predicted to be high risk who went on to develop HCC) and NPV (proportion of patients who never had a positive screening test who did not develop HCC) were also reported. We also calculated the mean lead-time, defined as the average time before actual diagnosis at which an HCC patient was correctly identified. The lead-time gives us an indication of how long before diagnosis patients can be identified as “at-risk”. 
Results
Exploratory Plots
AFP was elevated, on average, among those destined to develop HCC for up to 15 years before the tumour was diagnosed clinically in all four cohorts. (Fig 2 A-D). Figure 2(E) shows that, on average, there is no significant AFP rise in the 796 patients with cirrhosis who did not develop HCC.
We also considered the possibility that the rise in AFP in HCC cases is caused by poor response to antiviral treatment resulting in continuing virus-associated inflammatory activity. However, on average, the AFP levels are higher in the patients who go on to develop HCC even in patients with no viral activity (Fig 2(F)), with similar patterns observed in the Edinburgh non-viral cohort, Supplementary Figure 1). Note that the dips in 2(D) and 2(F) are likely due to the smaller number of data points so long before diagnosis, rather than being an actual trend in the AFP profiles. The point of note is that there is a clear separation in average AFP profiles between patients who develop HCC and those who do not, and that is evident a long time before diagnosis. 
Predictive Accuracy
A patient was classified as at high-risk of developing HCC if they had a probability of developing HCC (assigned by the LoDA model) of above 25% at any point during their follow up (this threshold was chosen as the threshold closest to the top left corner of a ROC plot). Otherwise, they remained under observation. In the Ogaki cohort this model correctly identified 74.3% of patients who developed HCC (sensitivity), and 72.9% of patients who did not develop HCC (specificity). Overall, this model achieved an AUC of 0.784 (Table 2), with 73.1% of patients correctly identified (PCC). 27.2% of patients predicted to develop HCC actually developed HCC (PPV), whilst 95.4% of patients whose risk of HCC never rose above the optimal threshold of 25%, did not develop HCC (NPV). 
In the Ogaki cohort, 67.2% of patients never rose above the threshold of 0.25.  Patients in this group were observed for a total of 21550.93 patient years with 106 HCC cases (incidence rate of 4.92 cases per 1000 patient years). This compares to an incidence rate of 27.5 cases per 1000 patient years among those in the high-risk group, and to an incidence rate of 12.62 for the entire Ogaki cohort. Patients who were correctly identified as HCC cases by the model were identified on average 5.69 years before their actual diagnosis. 
By contrast, if patients were risk stratified based on presence of advanced fibrosis, then this approach would achieve a sensitivity of 88.9% but a specificity of only 55.1% in the Ogaki cohort. This is in comparison to a sensitivity of 74.3%, and specificity of 72.9% using the AFP LoDA model with a cut-off chosen by ROC analysis. 
Stratifying based on fibrosis would correctly identify an extra 60 HCC cases than the LoDA model, but at the expense of 50.1% of the population being put into the “high-risk group” (Compared with 33% in the LoDA approach).  
Subgroup Analyses
The predictive accuracy of the model for various patient subgroups in the Ogaki cohort is given in Table 2 and ROC curves are shown in Figure 3. Our model performed well regardless of sex, aetiology, and ultimate tumour features with further details given in the supplementary material. Particularly noteworthy is the ability of the model to predict HCC in patients who have neither Hepatitis B, Hepatitis C or alcohol related liver disease, (most likely non-alcoholic-fatty liver disease) and go on to develop HCC.
External Validation
In both of the independent Japanese cohorts our model was able to identify a group of patients with a high-risk of developing HCC substantially before clinical appearance of HCC (Table 2 and Figure 4). The changes over time in AFP, and the classification accuracy were similar in the Edinburgh cohort to those seen in Japan (Figure 2(C)). Incidence rates and additional details regarding the external validation are provided in the supplementary material.
Surveillance of only cirrhotic patients
In the West, only patients with cirrhosis are considered for HCC surveillance programmes.  As a sensitivity analysis, we developed our model only including patients once they developed cirrhosis, and achieved broadly similar accuracy results (See supplementary material).
Using other longitudinal biomarkers 
It is possible that the predictive accuracy of our model could be improved by including additional longitudinal markers such as DCP, platelet count or ALT. As an example, we considered a trivariate MGLMM in each group consisting of longitudinal observations of log(AFP), log(ALT) measurements and platelet counts. 
This model achieved a higher sensitivity (81.4%) and NPV (96.5) but lower specificity (69.9%) and PPV (26.9%) and with an increased AUC of 0.817. DeLong's test for correlated ROC curves showed a statistically significant improvement in the AUC of the trivariate model (p<0.001). 
Discussion
In this study, we have applied a recently developed longitudinal discriminant analysis approach that takes account of correlation between AFP values for the same patient within a flexible model, and also allows patient specific predictions of risk to be made. These can be updated over time, allowing the potential for personalised decision making.
Our AFP model is able to identify patients at high-risk of developing HCC in cohorts that may be considered appropriate for HCC surveillance. The model validates well, not just in two Japanese cohorts, but also in a UK-based cohort, implying the generalisability of the model. Patients who developed HCC were identified as being at high-risk, 3 to 5 years before clinical detection emphasising the potential of the model for risk stratification.
In contradistinction to Western guidelines, Japanese guidelines14 define the high risk population who should undergo HCC surveillance for HCC on the basis of aetiology, rather than degree for fibrosis. Hence all patients who have chronic HBV or HCV infection are considered as ‘high-risk’, (regardless of the presence or absence of cirrhosis) and offered surveillance.
The most striking of these findings is that average AFP levels tend to be elevated and start to rise, in those who go on to develop HCC, more than 15 years before diagnosis. By any standard, diagnosis is considered early with a median tumour size of < 2cm at the time of detection, so this tool allows the potential for closer follow up long before tumours are visible. 
It is unlikely that the early changes observed in AFP represent early/sub-clinical HCC. Much more plausible is that we are detecting the population of patients with chronic liver disease that are at risk of HCC development.  The model presented in this paper requires only a record of all available AFP values for a patient, their sex, and their age at their first surveillance visit. Using this information the model provides a prediction of the patient’s risk of developing HCC. This risk can be updated each time new information is available for the patient. Our model achieves good accuracy and identifies patients who develop HCC with an accuracy of around 75%.  The incidence of HCC, as measured per 1000 years of patient follow-up is about 5-fold higher in the high-risk group than the low-risk group. 
Regarding the practical implementation of the model, we have developed a web-based tool which acts as a calculator of a patient’s risk of developing HCC. A preliminary version of this can be accessed at https://biostats.liv.ac.uk/olc/. A clinician could enter a patient’s age at first surveillance and sex, as well as all available AFP history, and the tool would calculate a probability that the patient is at high-risk of developing HCC. 
Our model can be used for practical ‘risk stratification’. In particular, patients in the high-risk group (HCC risk > 25%) might be offered more intensive surveillance than those in the lower risk group, along with proposals for lifestyle changes with the aim of reducing HCC risk. The levels of AFP increase markedly two years prior to diagnosis, as seen in Figure 2(a). We have found similar abrupt rise in other tumour biomarkers such as AFP-L3 and DCP (data not shown).  Such changes can be captured by the GALAD score, which combines these markers with age and gender.17-19 Thus the former (AFP) is, as presented here, of practical importance in defining the high-risk population for screening whereas the latter changes (via GALAD) offer the opportunity of early diagnosis. 
Our preliminary analysis of an expanded biomarker dataset suggests that the predictive accuracy of our model could be improved by including additional longitudinal markers (such as DCP, platelet count or ALT), that have been shown to improve accuracy of diagnostic models for AFP.20 
However, further work would be needed to assess the optimal combination of longitudinal markers, and we are currently reviewing models that include DCP, albumin, FIB-4 and markers related to diabetes. Such expansion will require careful balancing of the increased complexity of the model (which limits its practical application) and the performance improvement.Our model could be used to identify a subgroup of patients to be monitored more frequently in order to watch for early signs of sharp increase in AFP, whilst patients deemed to be lower risk could be screened less frequently and have updated predictions of risk of HCC at a future visit. In the high-risk group, models could be developed to identify patients as soon as their AFP profiles show an increase of certain magnitude. It is possible that additional markers such as DCP, AFP-L3, or the composite GALAD score could offer additional help in this early detection stage. Ultrasound screening, in combination with the GALAD score offers the potential for accurate diagnosis once HCC has developed.19 Further studies would be required in order to assess whether our AFP based approach could complement ultrasound screening in a similar manner.
It is important to emphasise that prediction was individualised and a patient was only classified as likely to develop HCC once their personalised risk was higher than the threshold. This means that patients with more unclear status will, in general, only be identified closer to their diagnosis time. This may be considered desirable in order to not proceed with early interventions once there is sufficient confidence in a patient’s classification, hence avoiding unnecessary anxiety and potentially ineffective treatment. 
The negative predictive value of our model confirms that as long as a patient’s risk stays below the chosen threshold, they have a low-risk of developing HCC. This information is potentially useful in determining when they should next visit a clinic for a blood sample to be taken. Since most HCC patients are identified a long time before actual diagnosis, those patients who are deemed low-risk at a current visit could be asked to return for samples less frequently. Further work would be required to assess the cost benefit of such an approach and also to determine whether a less frequent surveillance system missed true cases of HCC significantly more frequently than the current system. 
A limitation of our model is that patients were classified as non-HCC only at their last recorded clinic visit. Some of these patients may eventually develop HCC under longer follow up and so some of our ‘false-positives’ may in fact be true HCC cases, but we have not observed them for long enough. This limitation means that our predictive accuracy measures are lower bounds, and that sensitivity may in fact be higher, if we had longer follow up. 
A further limitation of our model is the fact that the prediction model takes no account of the fact that patients with hepatitis C can now be treated effectively. However, a subgroup analysis of prediction accuracy according to treatment response gave broadly similar results (See Supplementary material).
Although further work is needed to identify the extent to which these results can be applied in the West, our analysis suggests that a model just based on AFP performs well in the Scottish dataset.
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Table 1: Characteristics of patients included in the analysis for the main Ogaki dataset, and the Kindai, Red Cross and Edinburgh external validation datasets.
	Variable
	Ogaki
	Kindai
	Red Cross
	Edinburgh

	
	Non HCC
	HCC
	Non HCC
	HCC
	Non HCC
	HCC
	Non-HCC
	HCC

	Number of Patients
	3037 (88%)
	413 (12%)
	338 (84%)
	66 (16%)
	2413 (88%)
	341 (12%)
	1509 (95%)
	87 (5%)

	Follow up visits
	72206
	8646
	3824
	1001
	61561
	8371
	14845
	1068

	Follow Up length (Years)
	9.29 (5.99,13.32)
	6.6 (4.65,9.64)
	2.47 (1.04,4.63)
	2.38 (1.13,5.15)
	9.07 (5.85,12.36)
	6.15 (4.11,8.35)
	4.69 (2.38,8.95)
	5.79 (2.85,9.11)

	Males (%)
	1465 (48.2%)
	251 (60.8%)
	154 (45.6%)
	37 (56.1%)
	1062 (44.0%)
	182 (53.4%)
	860 (57%)
	64 (73.6%)

	Aetiology
HBV:HCV:Both:Other  (%)
	749:1556:11:721 (24.7,51.2,0.4,23.7)
	55:320:6:32 (13.3,77.5,1.5,7.7)
	117:148:2:71 (34.6,43.8,0.6,21.0)
	4:53:3:6 (6.1,80.3,4.5,9.1)
	502:1362:15:367
(20.8,56.4,0.6,15.2)
(167 unknown)
	34:261:5:41 (10.0,76.5,1.5,12.0)
	157:401:5:946
(10.4,26.6,0.3,62.7)
	4:30:0:53 (4.6,34.5,0,60.9)

	Maximum Tumor Size 1:2:3:≥4cm, (%)
	N/A
	92:176:84:61 (22.3,42.6,20.3,14.8)
	N/A
	20:32:5:9 (30.3,48.5,7.6,13.6)

	N/A
	82:161:56:42
(24.0,47.2,16.4,12.4)
	N/A
	

	Number of nodules 1:2:≥3, %
	N/A
	285:76:52 (69.0,18.4,12.6)
	N/A
	53:7:6 (80.3,10.6,9.1)
	N/A
	233:65:43
	N/A
	

	Age at first screening (Years)
	60.09 (50.61,67.72)

	64.47 (57.91,69.26)
	62.00 (49.33,70.50)
	66.89 (60.02,72.88)
	60.83 (51.21,68.71)

	65.68 (60.51,71.09)
	51 (42,61)
	59.05 (50.33,66.32)

	AFP ng/mL
	2.4 (1.5,4)
	7.4 (3.5,19.1)
	3 (2,4)
	10 (4,22)
	4 (2.8,6.4)
	8.6 (4.9,18.75)
	4.84 (2.42,6.05)
	6.05 (3.63,13.31)

	DCP ng/mL
	0.2 (0.16,0.25)
	0.22 (0.16,0.31)
	0.2 (0.17,0.26)
	0.23 (0.18,0.31)
	
	
	
	

	FIB-4 
	2.07 (1.37,3.34)
	4.75 (3.06,7.52)
	2.45 (1.40,4.68)
	4.31 (3.02,6.02)
	
	
	
	

	First recorded FIB-4
<1.45:1.45-3.25:>3.25:NA, %
	1102:1292:643:0 (36.3,42.5,21.2,0)
	15:134:262:2 (3.6,32.5,63.4,0.5)
	113:136:78:11 (33.4,40.2,23.1,3.3)
	2:17:47:0 (3.0,25.8,71.2,0)
	
	
	
	

	AFP.L3 %
	0.5 (0,0.5)

	0.5 (0,1.1)
	0.5 (0.5,0.5)
	11.2 (0.5,12.2)
	
	
	
	

	GALAD
	-3.3 (-4.47,-2.13)
	-1.66 (-2.78,-0.34)
	-3.67 (-4.84,-2.15)
	-1.45 (-3.36,-0.23)
	
	
	
	

	1. Continuous variables are presented as median with interquartile range.
2. Greyed out cells in Edinburgh and Red Cross cohorts did not have available data.
	
	
	
	
	



15

Table 2: AFP model performance based on internal validation in the Ogaki cohort, analysis of subgroups within Ogaki, and external validation in the Kindai, Red Cross and Edinburgh cohorts.
	
	n
	HCC
	Threshold
	Sensitivity
	Specificity
	PCC
	AUC
	PPV
	NPV
	Mean Lead Time (years)

	Internal Validation in Ogaki Cohort (Leave-one-out cross-validation)

	Whole Ogaki Cohort
	3450
	413
	0.25
	0.743
	0.729
	0.731
	0.784
	0.272
	0.954
	5.69

	Subgroup Analysis

	Males
	1716
	251
	0.2
	0.777
	0.662
	0.679
	0.761
	0.283
	0.945
	5.81

	Females
	1734
	162
	0.25
	0.796
	0.743
	0.748
	0.807
	0.242
	0.973
	6.05

	Aetiology=HBV
	804
	55
	0.16
	0.800
	0.694
	0.701
	0.802
	0.161
	0.979
	5.19

	Aetiology=HCV
	1876
	320
	0.29
	0.731
	0.677
	0.686
	0.740
	0.318
	0.924
	5.55

	Aetiology=other
	753
	32
	0.14
	0.781
	0.736
	0.738
	0.787
	0.116
	0.987
	6.04

	Other Cancers
	657
	413
	0.25
	0.743
	0.754
	0.747
	0.800
	0.837
	0.634
	5.69

	Tumour Characteristics

	Total Tumours = 1
	413
	285
	0.25
	0.710
	N/A
	N/A
	N/A
	N/A
	N/A
	5.97

	Total Tumours = 2
	413
	76
	0.25
	0.803
	N/A
	N/A
	N/A
	N/A
	N/A
	5.17

	Total Tumours >= 3
	413
	52
	0.25
	0.854
	N/A
	N/A
	N/A
	N/A
	N/A
	4.80

	Max Tumour Diameter = 1
	413
	92
	0.25
	0.761
	N/A
	N/A
	N/A
	N/A
	N/A
	6.32

	Max Tumour Diameter = 2
	413
	176
	0.25
	0.693
	N/A
	N/A
	N/A
	N/A
	N/A
	6.06

	Max Tumour Diameter = 3
	413
	84
	0.25
	0.786
	N/A
	N/A
	N/A
	N/A
	N/A
	5.09

	Max Tumour Diameter >= 4
	413
	61
	0.25
	0.800
	N/A
	N/A
	N/A
	N/A
	N/A
	4.56

	External validation

	Kindai
	404
	66
	0.25
	0.682
	0.882
	0.849
	0.831
	0.529
	0.934
	3.37

	Kindai (adjusted threshold)
	404
	66
	0.13
	0.818
	0.760
	0.770
	0.831
	0.400
	0.955
	3.39

	Red Cross
	2754
	341
	0.25
	0.668
	0.717
	0.711
	0.747
	0.251
	0.939
	8.76

	Red Cross (adjusted threshold)
	2754
	341
	0.23
	0.704
	0.690
	0.692
	0.747
	0.243
	0.943
	8.80

	Edinburgh
	1596
	87
	0.25
	0.598
	0.721
	0.714
	0.731
	0.110
	0.969
	4.85

	Edinburgh (adjusted threshold)
	1596
	87
	0.21
	0.690
	0.657
	0.659
	0.731
	0.104
	0.974
	5.00

	1. Sensitivity (Specificity) is calculated for each characteristic as the percentage of cases (no cases) correctly predicted to develop (not develop) HCC out of all HCC (non HCC) patients with the given characteristic. Reported threshold is the point closest to the top-left corner on the ROC curve.
2. PCC=Probability of correct classification, AUC=Area under ROC curve, PPV=Positive Predictive Value, NPV=Negative Predictive Value.
3. Lead time is defined as the average length of time before diagnosis at which patients who developed HCC were correctly predicted to develop HCC.
4. External Validation assessed the ability of the Ogaki model to predict HCC using the threshold chosen from internal validation of the main Ogaki cohort (0.25). The predictive ability of the model if each cohort was allowed their unique threshold (adjusted threshold) is also provided.
5. The “Other cancers” group consisted of 244 patients who did not develop HCC but developed other cancers whilst under observation.
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Figure Captions:
Figure 1: Allocation Scheme for sequential HCC risk assessment
Figure 2: Average changes in Log AFP over the 10 years before HCC detection according to development of HCC in A) Ogaki cohort, B) Kindai Cohort C) Red Cross Cohort, D) Edinburgh Cohort, E) patients who had advanced Fibrosis (defined by Fib-4>3.25) within the first two years of their observations from the Ogaki cohort (262 HCC cases and 796 Non-HCC cases), F) non-viral patients from the Ogaki cohort (32 HCC cases and 721 non-HCC cases).The bands represent 95% confidence intervals around the mean profile.
Figure 3. ROC curves for subgroup analysis of Ogaki cohort showing model performance by gender (left panel) and aetiology (centre panel) to predict HCC. The right panel shows the model performance to discriminate between HCC and other cancers. 
Figure 4: ROC curves for the model developed with the Ogaki cohort using the Ogaki cohort (internal validation) and the Kindai, Red Cross and Edinburgh cohorts (external validation). The dots represent the values of sensitivity and specificity for the chosen threshold of 0.25.
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