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ABSTRACT

Objective

To establish the association between prior knee gansultations and early diagnosis of knee ostiewiis (OA) by weighted cumulative exposure
(WCE) models.

Study Design and Setting

Data were from an electronic healthcare record (EttRabase (Consultations in Primary Care Arch@®CA]). WCE functions for modelling the
cumulative effect of time-varying knee pain conatittns weighted by recency were derived as a pireditool in a population-based case-control
sample and validated in a prospective cohort sample

Two WCE functions ((i) weighting of the importanaepast consultations determinagbriori; (ii) flexible spline-based estimation) were
comprehensively compared with two simpler modaeis f{me since most recent consultation; total raenof past consultations) on model goodness

of fit, discrimination, and calibration both in deation and validation phases.

Results

People with the most recent and most frequent ka@econsultations were more likely to have high B\&€ores that were associated with increased
risk of knee OA diagnosis both in derivation antdation phases. Better model goodness of fit,rdisoation, and calibration were observed for
flexible spline-based WCE models.

Conclusion



WCE functions can be used to model pre-diagnogtiggsoms within routine EHR data and provide now&lcost predictive tools contributing to

early diagnosis.
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What is new
Key findings
» The application of weighted cumulative exposure @Yy&inctions to patterns of pre-diagnostic symptémensultations (codes) in the routine
electronic healthcare record may yield novel, lmgtgrediction tools for early diagnosis.

» A flexible approach to weighting using regressiabic splines appeared to perform better than ahieig function assigning highest weights

to the most recent consultations that was defengdori.

What thisaddsto what isknown
 WCE approaches have been used extensively for tmag@me-varying causal exposures but their agtlan to time-varying patterns of

consultations recorded in the routine EHR is novel.

* Knee osteoarthritis diagnosis in primary care gdglly preceded by multiple symptom-coded consialtes over a period of months and

sometimes years, offering the potential for eadiagnosis.



What istheimplication, what should change now
» The pattern of primary healthcare contacts andeptesl symptoms recorded in the routine EHR mayskeéully modelled for early diagnosis

using WCE methods.

* Flexible approaches to modelling these patternaldhme investigated further in the context of eailggnosis of diseases other than OA.

INTRODUCTION

Weighted cumulative exposure (WCE) models have bleesloped in aetiologic research to provide an@pyate ‘exposure metric’ [1] to represent
the complex cumulative effects of duration, intensand timing of time-varying exposures on healticomes. These models, originating from
concepts of time-weighted cumulative exposuresthiced by Breslow et al [2] and Thomas [3], aneéedéed notably by Vacek [4] and
Abrahamowicz et al [5], have already found a wialege of applications including modelling the eféect lifestyle behaviours [6], environmental
hazards [7], and prescription drugs [8, 9]. WCErapph estimates the total effect of past exposuwyassing a weighted sum of these exposures, with
the weights dependent on time since exposure. ikweof WCE models and their development can bedaarSylvestre and Abrahamowicz

2009[10].



In this study we consider a novel application of B/@odels intended to serve the purpose of improgarty diagnosis and identifying ‘pre-
diagnostic’ cases for recruitment into researcHdisti(e.g. early diagnosis, trials of early inteti@n). This application uses primary care eleatron
health record data and arose from the observatatrfor some conditions (e.g. breast cancer[11]emtldmal12]), disease diagnosis in primary care
occurs after a sequence of one or more consultatarsymptoms. These consultations may be unevetdgspersed over a variable period of time
ranging from a matter of days to several yearghigistudy we aimed to assess the feasibility ofgu8/CE models within primary care electronic
health data to determine the association betwessepting symptoms and diagnosis in primary catanget We take as our example, knee
osteoarthritis (OA). The majority of cases pregergrimary care with pain and the diagnosis is natelinical grounds without routine use of
imaging [13]. However, the diagnosis often occelatively late in the disease process [14], isgfipdetermined by (older) age of the patient [13],
and is often preceded by consultations assignegpeaific symptom codes (e.g. ‘knee pain’ or ‘kaethralgia’) [15]. It was our hypothesis that
these non-specific consultations - discrete, timgang binary events - could be modelled using WApRroaches and that the resultant weighted
cumulative scores would be superior to simple coohknee-related consultations within a partictilae-window in predicting future knee OA

diagnosis.

Since the exact nature of the exposure-outcomgaeship is seldom confidently known in advancearge of approaches to choosing an appropriate
weighting function have been investigated, inforrhbgdknowledge of underlying pathophysiologic meakanrs (including pharmacokinetic properties

of drugs when these are the exposures of intef®sécific weight functions may be specified in atha[16] or several may be compared in head-to-



head comparisons using model fit statistics [4Jwieer, modelling methods that require selectingsdi@ametric form of the weight function in the

absence of any prior knowledge about its shapetegld to invalid results if the function is incectly specified [17, 18].

Alternatively, the functional form of the weightrfction can be estimated from the data, using flexionparametric or quasi-parametric methods [10].
In our study we contrasted two WCE approaches:ighwéunction assigning highest weights to the miesent consultations that was defiragatiori,

and a weight function estimated by cubic regresspiimes.

METHODS

Data source and study design

We conducted a study of a primary care populatictuded in the Consultations in Primary Care Arehi@iPCA), using all recorded consultation
data by GPs and practice nurses from 11 generetigea in North Staffordshire, England who conttdzlidata continuously between 2000 and 2010.

The total practice population consisted of 94,5éépte in 2010 [19].

Ethics approval for CiPCA was given by the Northffirdshire Local Research Ethics Committee to doash, store and analyse anonymised
medical record information for research use fromigigating general practices (REC Reference: 03/P4tients are informed by a poster at their
practice and by leaflet that the practice is a E@esearch practice and that their anonymisedaedwrith identifiable information removed) may be
used for research, and that they can opt out yf eish by informing the practice staff. Therefore separate ethical approval was required for our

study.



Our study was conducted in two phases. In theginsise, we conducted a population-based case-tetntdy (outcome = incident knee OA diagnosis)
in which we derived weighted cumulative exposuréC@y scores using: (1) a weight function assigniigipést weights to the most recent
consultations defined priori [5]; (2) a weight function using restricted cubggression splines fitted to the case-control &4 In conditional

logistic regression models we then compared howeeeh of the two WCE scores discriminated andiadid between cases and controls. In the
second phase, we conducted a prospective validstiimty, following controls forward in time to evate how well each of the two WCE scores
predicted future knee OA diagnosis in these indiald. In both derivation and validation phasescampared the models with the two weight
functions against simpler, unweighted models wiiefined the exposure by categorizing, respectivatiier (1) time since the most recent

consultation, or (2) total number of past considtet. The models were compared in terms of modedigess of fit, discrimination and calibration.

Phase 1: Derivation and compar ative discriminative ability of weighted cumulative exposur e scores

Incident diagnosis of knee OA

The outcome of interest was incident diagnosisnaiekOA. A consultation of OA was defined as a Remte starting NO5 (‘Osteoarthritis and allied
disorders’; equivalent to ICD9 codes beginning 7 2s)the main outcome, knee OA was defined by Rea lists drawn up through a consensus
process involving local GPs (codelists are avadail request from the authors [20] and also thrdbglwebsite: www.keele.ac.uk/mrr). Instead of
marking the onset of disease, date of first ReatbddA diagnosis is a clinical milestone denotimg éxpressed need for primary healthcare for a

painful or disabling joint problem that is attriledtby the doctor to a chronic, incurable condifmmthe first time [21, 22].



We used the maximum available run-in period withie CiPCA database (10 years) to identify new diags of knee OA. An incident knee OA case
was defined as one with a relevant knee OA coderded in 2010 with no prior recorded OA code anchglete registration in the previous 10 years.
Hence, prevalent knee OA cases who were diagnogkd# during the 10-year run-in period from Januar2000 until December 31 2009 were not
eligible to be defined as incident cases. We camsiithe date of the first diagnosis of knee O20@0 to be the index date for cases. We confirmed
in our previous work [23] that a 10-year run-inipdris likely to be sufficient to define an inciderase of osteoarthritis within CiPCA in all adatje

groups.

Sdection of controls
Risk-set sampling [24] was used to select 10 prastage-, and gender-matched controls per casedadients continuously registered in CiPCA
between 1 January 2000 and 31 December 2010. Conteoe assigned an index date identical to th#tef matched cas&ligible controls had no

knee OA diagnosis by the age of the matched cases.

Exposure definition
Knee pain consultations recorded in general pradtetween January 1 2000 and the index date wéredas exposures based on Read Codes
identified through consensus of local GPs [25, 38}.GPs, all with an interest in musculoskeletsigarch, were independently asked to decide

whether or not individual codes relating to kneatjpain may relate to clinical OA. Codes were exleld if the majority of GPs decided they would



be unlikely to relate to OA. The final list of Reeddes for knee pain included consultations recbede’knee pain’ ,’knee joint pain’, and ‘arthralgi

of knee’[26]. The codelist for knee pain is avaitathrough our website: http://www.keele.ac.uk/mrr/

Derivation of WCE scores

Weight function assigning highest weights to the most recent consultations defined a priori

The cumulative exposure was estimated by a recereoyhted cumulative function, with the weight fuoct defineda priori as proposed by
Abrahamowicz [5]. This takes into account exposure duration €tinterval between knee pain consultation and Kieeliagnosis) and cumulative
dose (total number of knee pain consultations witghgiven time period). Theepriori weight function was specified (i.e., the functibat determines
how the weights change with increasing time siheeeixposure) and used to assign appropriate nuahergights to past exposursborahamowicz [5]
proposed the positive (decreasing) half of the Nbri@aussian’ density function that assigns high&stjhts to most recent exposures, and in which
the cumulative exposure is calculated as a weighied of the past exposure. The rationale wasrh@ammon pharmacoepidemiological
applications, the current risk may be affected Iogcent increase of the exposure [5, 27]. The implaation of the WCE model with the weight
function determined priori is described in the Supplemental Technical Appendi

We considered several different "half-Normal’ dasiag weight functions, assuming that the effegiasft consultations may last between 1 and 10
years and compared their model goodness of fite@as the minimum Akaike information criterion (Al& Bayesian information criterion (BIC),
we selected the function in which the weight assijio a consultation that occurred 2 years bef@®neduced to one half of the weight assigned to a

current consultationSupplemental Table 1).



Weighted cumulative function estimated by restricted cubic regression spline

In contrast to the above approach which assumpsdafie shape of the weight function, we also usedyht functions fitted to the data using flexible
restricted cubic regression splines [28]. Briethg weight function was built up by placing intdrkaots at equal time intervals, and modelled in
conditional logistic regression models [29]. Thenmer of knots and the length of time window proiridex date were identified from the model
with optimal model-fit statistics. The number ofdka determines the flexibility of the estimatedmsplfunction and the model’s degrees of freedom.
Sylvestre and Abrahamowicz [10] suggested that no more than five knots aceigh to model a smooth spline model while redutiegrisk of major
over-fitting bias. In our analysis, model contamthree to five knots over with the length of timmdow increasing at 0.5 year interval from1 to 10
years were tested and compar8dpplemental Table 2). The spline functions were generated and modéall@ednditional logistic regression models.
We then relied on the Bayesian Information CritéBC) incorporating a penalizing term corresporgdio the number of cases to select the optimal-

fitting model [3Q.

The knots with their coefficients forming the opé#hititting model were used to define the weightdtion [10, 29]. The linear combination of the
estimates from the weight function was used toutate a WCE score for each individual (see the fupental Technical Appendix). Z-Scores were

calculated to allow better comparability betweemtiho WCE function scores.

Comparison of discriminative ability of WICE scores
The discriminative abilities of the weight functidetermineda priori and the flexible spline-based weight function wesenpared in conditional

logistic regression models fitted to the case-admtata. In addition, we compared their discrimivegbilities against two simpler unweighted
10



exposure models. The first model defined the exygosimply as categorised time since most recerg paé consultation (none, 1-6 months, 7-12
months, 13-24 months, 25-36 months, > 36 monthsg¢reas the second model categorized only thertataber of previous knee consultations (0, 1,
2, 3, 4-52>6). The results of the four models were comparet vaspect to discriminative ability, estimatedthg C-statistic with bootstrap
resampling (1000 samples) [31], and calibratiorweatad for each decile of predicted probabilittknée OA by plotting observed proportions versus

predicted probability [31].

Phase 2: Prospective validation of WCE scores
To evaluate the predictive validity of scores frma two WCE functions, the same WCE scores deifiad knee pain consultations up to the index
date in Phase 1 (i.e. without including knee painstiltations after the index date) were used tdigréhe prospective risk of being diagnosed with

knee OA from index date in 2010 to 31 December 2011

The associations between unweighted recency outtatisn, unweighted consultation counts and WCi e derived from knee pain consultations
up to the index date in Phase 1 and the outcordeaghosis of OA between the index date and 31 Dbee2011 among controls were investigated
using Cox proportional hazard models with adjustini@nage, gender and practice. To allow easi@rpretation of the model, the WCE scores in the
Cox models were categorised into three groupsdoh ef the two WCE functions: score equals zeracprsultation for knee pain), scores below the
median of the non-zero scores, and scores abovadtman of the non-zero scores. The follow-up twaes stratified into 3 levels: less than 6 months,

6-12 months and more than 12 months.

11



The proportional hazards assumption was tested 8shoenfeld residuals [32]. The four different@syre models outlined above were compared
with respect to model discrimination quantified®@statistics, goodness of fit measured by BIC, @libration assessed by calculating the predicted

risk and the observed risk at 2 years (maximalbilable follow-up period) and comparing these bgildeof predicted risk [33].

RESULTS

Characteristics of study participants

Among the 203 newly diagnosed cases of knee OA1Zmean age: 68.7 years, range 39.1-97.5 yeaig/dfemale), 163 (80%) had at least 1
knee pain consultation in the previous 10 yeart) @8 (46%) having 3 or mor@ éble 1). The most recent knee pain consultation occumesit
commonly within 6 months prior to knee OA diagnogimong the 1964 controls, 709 (36%) had at ledstee pain consultation, 283 (14%) had 3 or

more, and 107 (6%) had their most recent knee ggasultation within 6 months of index date.

Associations between the risk of diagnosed kneea@d\simple categorization of time since most rekape pain consultation and/or total number of
previous knee pain consultations are presentdéiloe 1. The timing of most recent prior knee pain coraidh was strongly associated with OA
diagnosis, even after adjustment for total numbb@revious consultations. Irrespective of recer@ying 1 or more prior knee pain consultations was
strongly associated with OA diagnosis but there m@asvidence of a further increase in the risk Afddagnosis with increasing number of previous

knee pain consultations.

12



Derivation of WCE scores

The Z-Scores by weight function among cases anttasrare shown i able 2. The spline function based on 5 knots equally spawer 4.5 years
before index date emerged as the best-fitting flexspline-based functiosipplemental Table 2). The weights from both sets of WCE function are
presented visually by time Bupplemental Figure 1. Table 2 illustrates the higher Z-Scores from both methHods$ndividuals with a more recent
knee pain consultation. Higher scores in casesateithat for the same number of consultationssdaaée, on average, more recent (i.e. higher-

weighted) consultations, and for the same recerasgs had a higher total number of consultations.

Of the four exposure models, the best model fiisttes (AIC=800.80; BIC=806.11) and C-statisti6s68 (95% CI: 0.65, 0.72)) were found for the

model with the flexible spline-based functioBupplemental Tables 3 & 4).

Comparison of predictive performance of WCE scores

From the case-control analyses, both WCE scoresesha similar pattern of overall dose-responsédiogiship with the outcome of incident knee OA
diagnosisFigurel).

Figure 2 displays calibration plots for both WCE moddtsglre 2-a; Figure 2-b) and both simple unweighted moddisgur e 2-g; Figure 2-h). The
agreement ratio was calculated as the predictdahpility of OA diagnosis divided by the observedgmrtion Figure 2c for WCE modelsFigure 2-

i for unweighted models). An agreement ratio clasér represents better agreement between pregiodbability and observed proportion receiving
an OA diagnosis. Closer agreement between theqteeldprobability and observed proportion of knee di#gnosis and flexible spline-based function

was found across most levels of predicted risk.dxample, the mean difference between 1 and theeagmt ratio was 0.28 for the WCE model with
13



the flexible spline-based function, compared wifii8) 1.02 and 1.89 for the WCE model with weighdiion determinea priori, simple unweighted
model categorizing time since last knee pain caasah, and simple unweighted model categorizingltoumber of past knee pain consultations,

respectively.

Prospective validation analysisin controls

The incidence rate of 30.8 per 1000 person-yeassobtained from 72 newly diagnosed knee OA casés/ir8 controls followed for median 1.32
years (IRQ: 1.11-1.64) (2337.9 person-years of magien). In the final Cox model of OA diagnosissidual checks indicated no violation of the
assumption of proportional hazards. A higher rislliagnosed knee OA was more likely to be found gnadividuals with most recent consultations,
individuals with more consultations, and individualith higher scores on both WCE functions in congoa with individuals without any prior
consultation Table 3).The risk of diagnosed knee OA increased withiniceease in weight function scores (batpriori determined function and

flexible spline-based functionl(gure 3).

Model goodness of fit was better for the flexibidirse-based function than for the unweighted modals the weight function determinagbriori
(Supplemental Table 3). Discriminative abilities for all models weregghier than observed in the derivation phase (Cssitaifor weight function
determineda priori 0.65 (95%CI: 0.59 to 0.72); flexible spline-bagedction 0.69 (0.63 to 0.75)B(pplemental Table 4). Figure 2 compares the
predicted and observed risks of knee OA diagndstsyaars across each decile of predicted risknfeVCE modelsKigure 2-d; Figure 2-e) and the
unweighted modeld={gure 2-j; Figure2-k). The agreement ratio between predicted risk d&rsemved risk is presentedhingur e 2-f for the WCE

models and ifrigur e 2-1 for the unweighted models. Closer agreement betweepredicted probability and observed proporibknee OA
14



diagnosis was found across most levels of predies&dvhen using flexible spline-based functioneThean difference between 1 and agreement
ratio was 0.42, 0.95, 1.64 and 2.92 for WCE mod# flexible spline-based function, WCE model wilie weight function determined a priori,
simple unweighted model categorizing time sincékase pain consultation and simple unweighted rmcategorizing total number of past knee pain

consultations, respectively.

DISCUSSION

Our study findings provide empirical support foe tinse of weighted cumulative exposure approache®ttel pre-diagnostic symptom consultations
in primary care. In derivation and validation seglof knee osteoarthritis diagnosis in generaltpea flexible non-parametric function (weights
estimated by regression cubic splines) was fourtisicriminate better than a recency-weighted fmciveights based on a weight function
determinedh priori that assigned highest weights to the most rea@muitations). Prospective validation revealeddoettodel calibration from the
model with a flexible spline-based function in potahg the 2-year risk of diagnosed knee OA bygratof knee pain consultations in the prior 4.5
years. Both weight functions were superior to senpihnweighted models of recency and number of goosultations in terms of model goodness of

fit, discrimination and calibration, both in deriian and validation phases.

15



Scores from both the weight function determiaqatiori and the flexible spline-based function suggedtleaple with more recent knee pain
consultations and more consultations are moreylitceteceive a diagnosis of knee OA in the futttigh scores might nonetheless reflect different
diagnostic processes and pathways for knee OAinmgpy care settings. At one extreme, ‘fast diagsiasay be achieved through a combination of
patient-profile (e.g. classical risk factors, adweuh signs and symptoms of osteoarthritis presand) clinician diagnostic preference (e.g. comfdetab
making the diagnosis of osteoarthritis on clinigedunds alone). The prognostic utility of WCE aggmiees will be limited in cases who already
achieve a ‘fast diagnosis’. In addition these insé&s may be particularly susceptible to ‘reverssai@on’' where knee pain consultations are
erroneously believed to precede OA diagnosis dumisclassification of the date of OA diagnosis.sTimight happen, for example, if there were
delays in administrative staff entering into thev@ary care record a diagnosis that was made imskecy care and reported in a letter to the practice
In the current application, where few diagnose®Afare made in secondary care, this is unlikellyadwee been a major concern although in other
settings it remains an important considerationth&tother extreme, ‘slow diagnosis’ may reflectabsence of one or more of these elements. In our
data, other symptom records or referrals were vaitable but we would advocate such investigatibthe underlying diagnostic process to

accompany applications of weighted cumulative eypmsodels for clinical diagnosis.

An important feature of weight functions for eagliagnosis is that they are a relatively inexpenpneagliction tool derived from record coded
symptoms or consultations available in primary @&eetronic health records. For descriptive preaiicmodels, information that is easy to obtain
would normally be considered before informatiort ieanore difficult to obtain. Use of readily awable information from the routine electronic

health record, such as the weight function repanetis study, may be incorporated in basic diagieanodels (e.g. with age, sex and other well-

16



known risk factors). The incremental value of moostly or difficult-to-obtain imaging or biochemlaaarkers could be evaluated when added to

such basic models [34].

A weight function, calculated at prognostic zemosi(e.g. the point in time of the patient presentith eligible symptoms/symptom codes to
primary care or alternatively a point in calendaret chosen by an investigator to identify patiextthigh/low risk of future diagnosis), and based on
modelling patterns of consultations prior to proggmzero-time, represents a novel prediction tdbls tool used alone, or more likely in
combination with other recorded prognostic facterg. patient age, gender, risk factors for theakg of interest), may have potential applications
clinical practice and in enriching patient recrugtmhto clinical research studies by identifyingiguatis early who are at an increased risk of having
undiagnosed disease and might benefit from furtheical investigations/interventions. The seleotaf relevant prior consultations, the optimal
weighting approach, the relevant time interval befdiagnosis, and the consequences of misclag®ficdowever, are all likely to vary from one

disease to the next and between healthcare systems.

There were several limitations in our study. Fyrslle WCE functions in our study were only appliedknee pain consultations to predict the knee OA

diagnosis. The performance of WCE functions to iotetie early diagnosis of other diseases by symptbconsultations recorded in primary care

settings should be further investigated.

17



Secondly, some important covariables (e.g. bodysnmaex, comorbidity) [35] were not adjusted fottbmm our derivation and calibration models.
The incorporation of those variables might potdiytiaprove the discrimination of our prediction nhes. However, the discriminative ability of our

models was comparable or higher to that seen ier gitognostic models for incident knee OA [36].

Thirdly, although prospective validation was undken in our study, we would encourage further ereralidation. A relatively small sample size
was available for the current study. Under suctueirstances it is well recognised that model unogytanay be large and reliable predictions may
not be derived [37]. Over-fitting is also a concdure to the limited sample size, especially indage of more flexible models that require additiona
degrees-of-freedom [38]. Both the validation sangpld the derivation sample in the current studyevierm the same database (CiPCA) rather than
two independent databases. Moreover the validatomple comprised controls from the derivation samphich made the relatedness between
derivation and validation samples high [39]. Diéflet models were used in the derivation phase (tiondi logistic regression model) and the
validation phase (Cox regression model), which nwmeparisons (model goodness of fit, discriminaaod calibration) difficult between the

derivation and validation phases.

WCE models [5, 10, 29] can be applied to pattefng@-diagnostic symptoms and consultations withearoutine primary care electronic health

record. These relatively simple, low-cost predistoray have the potential to contribute to improwagy diagnosis and warrant further investigation.
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Figure Legends

Figure-1. Association between weighted cumulative exposure (WCE) scores (a priori determined the weight function that assigned
highest weights to most recent consultations & flexible spline-based function) of knee pain consultation and risk of diagnosed knee

osteoarthritis
The incidence rate ratio was presented as thick short dash dot line with 95% confidence interval as thin dash lines.

Figure-2. Validation plots of prediction models

Grey square indicates predicted probability, black dot indicated observed proportion; black hollow triangle indicated agreement ratio from model-1 (Figure-2(c) and
Figure-2(f)) or model-3 (Figure-2(i) and Figure-2(1)); grey hollow diamond indicates agreement ratio from model-2 (Figure-2(c) and Figure-2(f)) or model-4 (Figure-2(i)
and Figure-2(1)).

Model-1, WCE model with spline-based function; Model-2, WCE model with the weight function determined a priori; Model-3, simple unweighted model categorizing
time since last knee pain consultation; Model-4, simple unweighted model categorizing total number of past knee pain consultations.

Figure-3. Associations between weighted cumulative exposure (WCE) scores of knee-pain consultations and relative risk of diagnosed
knee osteoarthritis in validation cohort, followed up from index dates

The incidence rate ratio was presented as thick short dash dot line with 95% confidence interval as thin dash lines.
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Tables

Table 1. Recency and total number of previous knee-pain consultations among cases and controls

Knee-OA Controls Crude Adjustedt
cases IRR IRR
(N=203) (N=1964)
n (%) n (%) IRR (95%Cl) IRR (95%Cl)
Timing of most recent knee
pain consultation
No previous consultation 40 (20) 1255 (64) 1 1
1-6 months 99 (49) 107 (6) 31.2(19.7, 49.4) 24.83 (13.57, 45.43)
7-12 months 15 (7) 68 (4) 7.03(3.7, 13.60) 5.61(2.61, 12.07)
13-24 months 16 (8) 67 (3) 8.25(4.26, 16.0) 6.67 (3.13, 14.23)
25-36 months 9 (4) 88 (5) 3.63(1.67, 7.92) 3.02 (1.30, 7.01)
>37 months 24 (13) 379 (19) 2.10(1.23, 3.56) 1.77 (0.96, 3.26)
Total number of knee pain
consultations
0 40 (20) 1255 (64) 1 1
1 37 (18) 277 (14) 4.66(2.89, 7.54) 13.37 (8.09, 22.09)
2 33 (16) 149 (8) 7.32(4.44, 12.2) 14.46 (8.75, 23.90)
3 31 (15) 80 (4) 13.46(7.92, 23.1) 22.58 (13.14, 38.78)
4-5 26 (13) 103 (5) 8.65 (4.97, 15.09) 14.59 (8.61, 24.75)
26 36 (18) 100 (5) 12.82(7.61, 21.59) 16.26 (9.89, 26.74)

IRR, incidence rates ratio; TIRR for timing of most recent knee pain consultation was adjusted for the total

number of knee pain consultations; IRR for total number of knee pain consultations was adjusted for the

timing of most recent knee pain consultation.

Table 2. Z-Scores of Weighted cumulative exposure (WCE) function assigning highest weights to the most

recent consultations that was defined a priori and flexible spline-based function in cases and controls,

overall and by recency and total number of knee pain consultations

A priori determined function

Flexible spline-based function

Knee-OA

Controls

Knee-OA

Controls

Overall

1.05 (0.03, 2.63)

0(0, 0)

2.82 (0, 8.49)

0(0, 0)

Timing of most recent
knee pain consultation

1-6 month

0.36 (-1.03, 0.67)

0.08 (-0.75, 0.84)

0.48 (-0.20, 0.60)

0.26 (-0.23, 0.52)

7-12 months

0.34 (-0.38, 0.69)

0.00 (-0.14, 0.16)

0.04 (-0.53, 0.41)

-0.09 (-0.69, 0.52)

13-24 months

-0.25 (-0.64, 0.43)

-0.36 (-0.84, 0.71)

-0.06 (-0.54, -0.06)

-0.11 (-0.78, 0.58)

25-36 months

-0.97 (-0.97, 1.01)

-0.66 (-0.97, 1.01)

-0.15 (-0.81, 0.31)

-0.25 (-0.57, 0.14)

237 months 0(0, 0) 0(0, 0) -0.45 (-0.54, -0.17) |-0.36 (-0.39, -0.12)
No previous consultation 0(0, 0) 0(0, 0) 0(0, 0) 0(0,0)
Total number of previous
knee pain consultations
0 0 (0, 0) 0 (0, 0) 0 (0, 0) 0(0, 0)
1| 0.66(-0.88,0.73) | -0.66(-0.76,0.77) | 0.49(-0.60, 0.59) |-0.07 (-0.84, 1.13)
2| 0.56(-0.03,0.63) | -0.61(-0.90, 1.22) | 0.31(-0.29,0.71) | 0.08 (-0.94, 1.09)
3| 0.66(-0.55,0.68) | -0.45(-1.00, 1.16) | 0.51(-0.42,0.67) |0.20(-1.13,0.97)
4-5| 0.61(-1.06,0.63) | -0.43(1.00, 1.15) 0.46 (-0.31,0.79) |-0.15(-0.53, 0.93)
>6 | 0.64(-0.69,0.66) | 0.55(-1.12, 0.98) 0.21(-1.18,0.97) |-0.29(-1.04, 1.34)

Scores are presented as median (interquartile range) Z-score.




Table 3. Association between unweighted recency, unweighted counts, and both weight function scores of prior knee pain consultations and knee osteoarthritis diagnosis, by

follow-up time period

Follow-u . OA diagnoses per 1000 HR (95% CI
period P Person-years Diagnosed OA cases pegrson y:ars Unadjusted ( | ! Adjustedt
Simple unweighted model categorizing time since last knee pain consultation

0-6 months 689.9 11 15.9 (8.8, 28.8) Reference Reference
No previous consultation 7-12 months 632.7 13 20.5(11.9, 35.4) Reference Reference

>12 months 577.9 19 32.9(19.8, 51.3) Reference Reference
Timing of most recent knee pain 0-6 months 21.0 6 285.7 (104.9, 621.9) 18.0(11.9, 21.6) 18.8 (5.4, 65.5)
consultation by index date: 7-12 months 19.5 0 0.0 0.0 0.0
1-6 month >12 months 14.3 2 139.9 (16.9, 505.2) 4.3(0.9,9.8) 4.5 (1.0, 19.5)
Timing of most recent knee pain 0-6 months 14.7 1 68.0 (1.7, 379.0) 4.3(0.2,13.2) 2.0(0.2, 20.0)
consultation by index date: 7-12 months 12.7 1 78.7 (2.0, 438.7) 3.8(0.2,12.4) 2.8(0.3,23.9)
7-12 months >12 months 10.0 0 0.0 0.0 0.0
Timing of most recent knee pain 0-6 months 13.4 1 74.6 (1.9, 415.8) 4.7 (0.2, 14.4) 3.5(0.4, 28.7)
consultation by index date: 7-12 months 125 0 0.0 0.0 0.0
13-24 months >12 months 11.2 1 89.3 (2.3, 497.5) 2.7 (0.1,9.7) 2.6(0.3,19.6)
Timing of most recent knee pain 0-6 months 225 0 0.0 0.0 0.0
consultation by index date: 7-12 months 21.2 1 47.2 (1.2, 262.8) 2.3(0.1,7.4) 3.1(0.4, 26.0)
25-36 months >12 months 19.5 3 153.8 (31.7, 449.6) 4.7 (1.6, 8.8) 3.7(1.1,12.7)
Timing of most recent knee pain 0-6 months 923 1 10.8 (0.3, 60.4) 0.7 (0.0, 2.1) 0.4 (0.06, 3.5)
consultation by index date: 7-12 months 82.0 7 85.4 (34.3, 175.9) 4.2 (2.9,5.0) 4.7 (1.8, 12.3)
>37 months >12 months 70.6 5 70.8 (23.0, 165.3) 2.2(1.2,3.2) 2.1(0.8,5.8)

Simple unweighted model categorizing total number of past knee pain consultations

0-6 months 689.9 11 15.9 (8.8, 28.8) Reference Reference
No previous consultation 7-12 months 632.7 13 20.5(11.9, 35.4) Reference Reference

>12 months 577.9 19 32.9(19.8,51.3) Reference Reference
Total number of knee pain 0-6 months 76.673 2 26.1(3.2,94.2) 1.6 (0.4, 3.3) 1.3 (0.3, 6.0)
consultations by index date: 7-12 months 69.124 2 69.1 (3.5, 104.5) 3.4(0.3,3.0) 2.2(0.5,10.2)
1 >12 months 56.687 6 56.7 (38.8, 230.4) 1.7 (2.0, 4.5) 1.5(1.4,1.7)




Total number of knee pain 0-6 months 32.599 122.7 (33.4,314.2) 7.7 (3.8, 10.9) 7.2 (4.8,10.9)
consultations by index date: 7-12 months 30.146 33.2 (0.8, 184.8) 1.6 (0.1, 5.2) 1.4 (0.5, 4.0)
2 >12 months 27.404 36.5 (0.9, 203.3) 1.1 (0.05, 4.0) 1.1 (0.2, 8.6)
Total number of knee pain 0-6 months 19.463 1 51.4 (1.3, 286.3) 3.2(0.1,9.9) 3.1(1.5,6.4)
consultations by index date: 7-12 months 18.734 1 53.4 (1.4, 297.4) 2.6(0.1, 8.4) 2.8 (0.9, 8.9)
3 >12 months 20.213 0 0.0 0.0 0.0

Total number of knee pain 0-6 months 19.805 1 50.5 (1.3, 281.3) 3.2(0.1,9.8) 2.0(0.1, 32.0)
consultations by index date: 7-12 months 15.873 4 252.0 (68.7, 645.2) 12.3 (5.8, 18.2) 9.0 (2.8, 29.6)
4-5 >12 months 11.947 2 167.4 (20.3, 604.7) 5.1(1.0,11.8) 5.3(1.2, 23.0)
Total number of knee pain 0-6 months 15.445 1 64.7 (1.6, 360.7) 4.1(0.2,12.5) 1.6 (0.2, 13.8)
consultations by index date: 7-12 months 14.091 1 71.0(1.8,395.4) 3.5(0.2,11.2) 3.1(0.4, 25.9)
>6 >12 months 9.257 2 216.1 (26.2, 780.5) 6.6 (1.3, 15.2) 6.9 (2.0, 23.2)

Weighted cumulative ex

posure model with weight function as

signing highest weights to the most recent consultations that was defin

ed a priori

0-6 months 689.9 11 15.9 (8.8, 28.8) Reference Reference
’:cz ::_’ (')dete""'“ed function 7-12 months 632.7 13 20.5 (11.9, 35.4) Reference Reference

>12 months 577.9 19 32.9 (19.8, 51.3) Reference Reference

0-6 months 94.7 1 10.6 (1.5, 74.9) 0.7 (0.1, 5.1) 0.5 (0.07, 3.9)
A priori determined function score 7-12 months 86.2 0 00 0.0 00
0-0.001

>12 months 78.9 2 25.4 (3.1, 91.6) 0.8 (0.2, 3.3) 0.8(0.2,3.2)

0-6 months 68.8 11 159.8 (88.5, 288.6) 10.0 (4.3, 23.1) 5.7 (2.3, 14.2)
A priori determined function 7-12 months 61.6 7 113.7 (54.2, 238.5) 5.5(2.2, 13.9) 4.4(1.7,11.5)
score >0.001

>12 months 47.2 8 169.6 (73.2, 334.3) 5.2 (2.3,11.8) 5.2 (2.3,11.8)

Weighted cumulative exposure model with the flexible spline-based function

0-6 months 689.9 11 15.9 (8.8, 28.8) Reference Reference
:lz’:f_'g spline-based function 7-12 months 632.7 13 20.5 (11.9, 35.4) Reference Reference

>12 months 577.9 19 32.9 (19.8, 51.3) Reference Reference

0-6 months 139.5 3 21.5 (6.9, 66.7) 1.4 (0.4, 4.8) 1.1 (0.3, 4.0)




Flexible spline-based function score

06 7-12 months 1288 0.0 0.0 0.0
>12 months 1148 8.7 (0.2, 48.5) 0.3(0.04, 2.0) 0.3(0.03, 1.9)
0-6 months 24.1 374.0 (194.6, 718.7) 23.5 (9.7, 56.6) 7.6 (2.8,21.1)
Flexible spline-based function 7-12 months 18.9 370.4 (176.6, 776.9) 18.0 (7.2, 45.2) 5.8(2.1, 16.0)
score>2.6
>12 months 112 801.7 (366.3, 1520.7) 24.4 (11.0, 53.9) 27.9 (12.4, 62.5)

1, adjusted for age gender, and practice. HR, hazard ratio. Cl, confidence interval.
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(b) Case conrol study (c) Case control study

(a) Case control study

Model-2 Model-1 VS. Model-2

Model-1

6c00°%%0

T
09

T T T
oy 0C 0
% YO 99U Jo Ajigeqold

ov

T T T T
0¢ 0C ol 0
% YO 98U Jo Ajligeqold

(f) Cohort study
Model-1 VS. Model-2

(e) Cohort study

(d) Cohort study

Model-2

Model-1

o <
A

T T T T T
oL 8 9 14 4
% ‘YO 99U JO sl Aep-00.

T
0

% ‘YO 98U Jo sl Aep-00.L

(h) Case control study (i) Case control study

(g) Case control study

Model-4 Model-3 VS. Model-4

Model-3

& 1 2
<4 1 i~
LR . hadc
o4 S obeg
! 2
- oo
! 8
o Q. Feg
4d s
O ql F o
T
. o
T T T T T T T T T _ T
0L68.L9GVveclo
oney
] ° Fe
[ e o
] o [y
[ ] ® Fho
[}
me | ©3B
8
m e |5N.
[ <5
ol |3m
[
e [nnO
» |-
- O
T T T T T
014 0¢ 0¢ ol 0
% ‘YO 88U Jo ANliqeqoid
] ° Fe
" e o
[ ] e oy
[ ] [ ] |7M
[
me f[o©bP
Eel
e Fwo @
o
we <5
on o
jo3
w» a0
e -
- o
T T T T T
014 0¢ 0 ol 0

% ‘YO 98Uy Jo Ayliqeqoid

(I) Cohort study
Model-3 VS. Model-4

(k) Cohort Study
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1
WCE (Halt-Normal) scores

6

WCE (spline) scores.
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