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Abstract. Quantitative MRI (¢qMRI) biomarkers summarize knee joint
health, but their value for forecasting progression, and for simulating
interventions over time, is not established. Prior work derived a 110-
dimensional principal-component (PC) space of knee qMRI biomarkers
and reported cross-sectional associations with osteoarthritis (OA) out-
comes. We extend that static space into a longitudinal, counterfactual
digital twin. It is a recurrent model that rolls the biomarker state forward,
predicts event hazard, and simulates the model-implied consequence of
altering individual biomarkers or a modifiable clinical factor (body-mass
index, BMI). On the publicly available OAI dataset we study two out-
comes. For incident OA in initially healthy knees, imaging carries modest
prognostic signal (C-index 0.55) that clinical demographics alone do not
(0.51), and model-based perturbation responses are directionally consis-
tent with associations from a prior analysis of an overlapping OAI co-
hort, including a small, correctly signed BMI response in pooled repeated
cross-fitting. For total knee replacement (TKR), discrimination appears
far higher (0.77), but a stratified analysis shows it is driven by base-
line radiographic severity. Within severity strata the imaging signal van-
ishes. The twin therefore distinguishes genuine biomarker prognosis from
a severity-detection confound. This property is essential for trustworthy
counterfactual simulation. All results use hardened, leakage-controlled
evaluation.

Keywords: Osteoarthritis - Quantitative MRI - Digital twin - Counter-
factual simulation - Disease progression.

1 Introduction

Knee osteoarthritis (OA) is a prevalent, progressive joint disease for which quan-
titative MRI (@MRI) provides rich, noninvasive measures of tissue state, includ-
ing cartilage T2, cartilage thickness, subchondral bone shape, and meniscal mor-
phology. Two questions follow. Can these biomarkers forecast how a joint will
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evolve, and can we simulate the consequence of altering a biomarker or a modifi-
able risk factor? The first is a prognostic question; the second is counterfactual,
and is what would let such a model support reasoning about intervention.

Prior work established a compact representation of knee gqMRI by reducing
the biomarker panel to a 110-dimensional principal-component (PC) space and
reporting cross-sectional associations between these components and OA out-
comes [1]. That representation is static, characterizing associations at a single
time point without modeling trajectories or simulating interventions over time.

Recurrent survival models and digital twins are established directions in dis-
ease progression modeling [4,5,6,12,8]. Existing knee OA progression predictors
operate on imaging and clinical data at a single time point [11], and general
dynamic survival models such as [12] do not simulate perturbations of the co-
variate process; perturbation layers on learned simulators are rarely audited for
stability or for concordance with prior evidence. The contribution here is not a
new architecture. It combines a longitudinal biomarker state space with hard-
ened, leakage-controlled evaluation, and it checks the perturbation layer against
prior associations and against a designed severity confound.

We extend this static biomarker space along the temporal and counterfac-
tual axes. Our contributions are threefold. First, we build a hardened recur-
rent digital twin that predicts the next biomarker state and event hazard from
a subject’s trajectory. Second, we add a counterfactual layer that simulates
biomarker and modifiable-risk-factor interventions, and validate it for concor-
dance against the previously reported cross-sectional associations, including a
modifiable body-mass-index (BMI) lever. Third, we use a deliberate contrast
between two outcomes, incident OA and total knee replacement (TKR), to show
that the framework separates genuine biomarker prognosis from a radiographic-
severity confound. The twin is a modest-signal research simulator, so we avoid
strong predictions and instead make small, specific claims that outside evidence
can corroborate. Formal causal identification of the simulated responses is be-
yond the present scope and left to future work. Figure 1 shows the framework
end to end.

2 Data and Cohorts

We use the publicly available Osteoarthritis Initiative (OAI) dataset and the
gMRI-derived PCA biomarkers of [1]. The state is 110-dimensional and spans
eleven tissue families (bone shape, T2, and cartilage thickness for femur, patella,
and tibia; lateral and medial meniscus), each represented by ten PCs, across up
to seven visits spanning nearly a decade.

We study two outcomes with deliberately different cohort definitions. For
incident OA (a prognostic task), we select baseline-healthy knees (Kellgren—
Lawrence grade KL<1), n = 746 with 357 progression events. By construction
this cohort excludes the radiographic-severity shortcut, isolating genuine prog-
nostic signal. For TKR (a severity-mixed task), we admit all baseline grades
(KL>0), n = 1113 with 253 events; the baseline-healthy TKR cohort is event-
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Fig. 1. Overview of the counterfactual gMRI twin, read left to right. The gqMRI state
is the 110-dimensional PCA representation of a subject’s biomarker trajectory across
visits vO to v6, together with the modifiable BMI lever and held context features. A
recurrent GRU rolls this state forward and emits two outputs, a next-state prediction
and an event hazard. The counterfactual stage perturbs one PC or the BMI lever by
+6 SD, re-rolls the twin, and reads off the change in cumulative risk against the unper-
turbed reference. The inset is schematic and shows no results. Biomarker components
map back to knee bone and cartilage shape, linking the twin to the static PCA space
of [1].

starved (22 events) and unusable. A prior-surgery exclusion was declared in the
cohort configuration but was inert, since the assembled table carries no surgical-
history field; the cohorts are therefore defined by the KL criteria alone. We
additionally consider clinical features. These are BMI (time-varying, modifiable)
and age, sex, and baseline quadriceps lean mass (static context). The muscle
measure is quadriceps lean mass, not whole-thigh muscle. Throughout, the KL
grade, a labor-intensive expert radiographic read, is used only for cohort selection
and as a diagnostic. It is never a model input or a deployable predictor.

3 Method

3.1 Recurrent qMRI twin.

The twin is a gated recurrent unit (GRU) that maps a subject’s biomarker-
state sequence to (i) a next-state prediction and (ii) a per-interval event hazard.
The input state comprises the 110 PCs together with eleven binary indicators
encoding informative missingness (whole-family acquisition gaps reach 23.5%
for meniscus), giving a 121-dimensional input; the clinical variant additionally
rolls BMI forward as a state feature, holds age, sex, and quadriceps lean mass
as context, and extends the indicator set with BMI and muscle missingness
flags (127-dimensional, comprising the 110 PCs, BMI, three context features,
and thirteen indicators). We selected the architecture (hidden size 64, single
layer, ~41k parameters) by a capacity sweep under hardened training. Both
discrimination and next-state fidelity stayed flat across capacity (a 17x increase
in parameters changed RMSE by <2%), so we retained the smallest model.



4 G. Hoyer, S. Majumdar

Training minimizes an equally weighted sum of a mean-squared next-state
term over the full input vector and a per-interval binary cross-entropy on the
hazard logits, with padded steps masked out; the next-state head is a regression
and the hazard head is a discrete-time survival classifier. Folds are split at the
subject level (one knee per participant, so no participant spans train and test)
and stratified on the event indicator, and each repeat draws a distinct partition
seed.

Three hardening choices proved essential; we report them here for repro-
ducibility. First, validation loss bottomed out early and then climbed, leaving
final-epoch weights miscalibrated, so we checkpoint on best validation loss. Sec-
ond, we impute per fold and encode missingness. Imputation and standardization
statistics are fit on training subjects only within each fold, which closes a global-
imputation leak; the indicators are context-only and never intervened on. Third,
we re-confirm the operating point on independent seeds. Models are implemented
in PyTorch 2.4.0.

3.2 Counterfactual simulation.

Each simulation shifts one standardized state feature by +¢ standard deviations
(SD) at baseline and then rolls the twin forward. The reported effect is the
change in cumulative risk against the unperturbed reference trajectory. These
are model-based perturbation responses of the trained twin; absent a causal
identification argument they are not estimates of intervention effects in patients.
Context features and missingness indicators are held fixed and guarded against
intervention; BMI is the one modifiable clinical lever. To assess specificity we
define a null group of features that prior work found unassociated with the
outcome. Perturbing standardized inputs out of distribution induces a nonspe-
cific drift, so we do not assume the null group is flat. We plot it explicitly and
require genuine anchors to separate from it, holding our claims to £1 SD, a clin-
ically plausible magnitude at which the null drift is small. The anchor directions
come from prior cross-sectional analyses of the same parent OAI resource with
overlapping participants (the exact overlap is not recoverable from the released
artifacts), so concordance is an internal consistency check rather than external
validation.

3.3 Evaluation.

Table 1 reports seed-confirmed means + standard deviation from 5-fold x 3-
repeat cross-validation with pooled out-of-fold predictions, with out-of-fold cov-
erage and the absence of train/test leakage verified on every fold. Figure 2 in-
stead evaluates the persisted stratified holdout of the imaging-only twin, Figure 3
shows a single stratified-holdout instance of the imaging-plus-clinical twin, and
the BMI result uses the pooled cross-fitting analysis of Section 4.4. The hazard
head outputs a discrete conditional hazard h; per observed inter-visit interval,
with no adjustment for interval length (intervals span 12 or 24 months), and cu-
mulative risk through interval T"is 1 — Hthl (1 — hy). The interval bracketing the
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Table 1. Discrimination (seed-confirmed C-index + std) across feature sets and out-
comes. KL grade is deliberately not a column: it is an expert radiographic label, not a
deployable predictor (see Table 2).

Outcome imaging-only clinical-only imaging -+ clinical
OA (n=T746)  0.549 +0.002 0.509 £ 0.004 0.558 4+ 0.001
TKR (n=1113) 0.772 £ 0.005 0.583 £ 0.005 0.762 % 0.002

event time is labeled one; all other observed intervals, including those after an
event, are labeled zero, and censoring for non-events is administrative at the end
of follow-up. Discrimination and calibration at a horizon include subjects whose
status at that horizon is known, meaning an event by the horizon or follow-up
beyond it; calibration uses ten equal-count bins of predicted risk with observed
rates taken as unadjusted event fractions within bins. Competing events are not
modeled; in the OA cohort 22 subjects underwent TKR during follow-up and
continue to contribute intervals, and mortality is not recorded in the assembled
table.

4 Results

4.1 Twin validity.

On incident OA, the twin discriminates modestly (seed-confirmed cross-validated
C-index 0.549, Table 1; the held-out-subject evaluation in Fig. 2 is consistent,
with a wide interval), with hazard calibration that tracks the diagonal once
best-validation checkpointing is applied, and a next-state RMSE near 0.84 SD
averaged over the three imaging feature groups on held-out subjects. This beats
a predict-the-mean baseline but still points to limited dynamics. We report this
modest performance plainly, as it is the basis for the conservative, specific claims
that follow.

4.2 Imaging versus clinical signal.

We write imaging signal for discrimination attributable to the 110 PC features
and clinical signal for discrimination attributable to BMI, age, sex, and quadri-
ceps lean mass. Table 1 contrasts feature sets across both outcomes. For incident
OA, clinical demographics alone are near chance (0.509), imaging adds +0.050
over them, and clinical adds essentially nothing over imaging (4+0.009). In the co-
hort that structurally excludes the severity shortcut, imaging is what carries the
modest prognostic signal. For TKR, imaging alone scores much higher (0.772),
and Section 4.3 examines why.

4.3 TKR discrimination is severity detection.

Stratifying TKR by baseline KL (Table 2) reveals that the high number is a
confound. Within KL>2, which contains 91% of events, the twin collapses to
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Fig. 2. Twin validity (Incident OA, left; TKR, right), evaluated on the persisted strat-
ified holdout of the imaging-only twin (n=150 OA, n=223 TKR). Top: discrimination
(C-index and time-dependent AUC at 2/4/6 years) versus the chance line. Bottom:
hazard calibration (predicted versus observed, ten equal-count bins, among subjects
with known status at each horizon) at 2/4/6 years. TKR discriminates strongly and
calibrates cleanly; OA shows honest, modest discrimination with calibration tracking
the diagonal.

0.544, near chance. Baseline radiographic grade alone is highly prognostic for
surgery, but it is an expensive expert label rather than a deployable predictor,
and we report it solely as a diagnostic. The twin’s apparent TKR performance is
therefore re-derived radiographic severity, not biomarker prognosis. This contrast
is what lends credibility to the OA prognostic claim, since the same framework,
applied to a severity-mixed cohort, correctly exposes the absence of fine-grained
biomarker signal.

4.4 Counterfactual concordance and the BMI lever.

For incident OA (Fig. 3), protective and risk anchors move risk in the direc-
tion of the prior cross-sectional associations, and all five anchors are concordant.
At +1 SD the protective group is more negative than the null group (—0.045
versus —0.015; paired difference —0.031, subject-level bootstrap interval —0.034
to —0.028 within the holdout instance). As cautioned, the null group drifts at
larger magnitudes, so we anchor claims at +1 SD and draw the null explicitly.
The modifiable BMI lever carries the smallest plotted effect and is the one re-
sponse we examined for stability across retraining. The single trained instance in
Fig. 3 yields a weak, non-monotone BMI perturbation response, with a model-
implied cumulative-risk difference of —0.005 at +1 SD. Three-repeat five-fold
cross-fitting (15 fitted twins), pooled out of fold over all 746 subjects, instead
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Table 2. TKR discrimination stratified by baseline KL grade (confound diagnostic).
Twin values are pooled out-of-fold cross-validated C-indexes averaged over three re-
peated partitions of the model in Table 1; the seed-confirmed 0.772 £ 0.005 there
averages three further independent partition seeds of the same model. Stratified rows
subset the same pooled predictions, and the KL.<1 value rests on 22 events, spanning
0.62 to 0.70 across repeats. KL-alone scores the baseline grade in-sample on the full
cohort, with no fitted model and no folds; it is a contextual diagnostic only, not a like-
for-like comparator, and its overall value largely reflects the between-stratum contrast
that stratification removes.

Stratum n events twin C-index KL-alone (diagnostic)
Overall 1113 253 0.767 0.863
KL<1 746 22 0.656 (unmeasurable) 0.546
KL>2 367 231 0.544 (=chance) 0.606

yields a monotone response of +0.028 at +1 SD (subject-level bootstrap CI
+0.027 to +0.031, conditional on the fitted folds) and +0.096 at +3 SD. This
interval does not quantify variability from retraining or alternative fold assign-
ments. For this weak BMI lever the single-instance curve is not a stable summary;,
so the pooled cross-fitted response is the reported BMI result; the substantive
claim is anchored at +1 SD, while 43 SD is a model extrapolation. The pooled
response is small and correctly signed. For TKR the anchors are poorly concor-
dant and BMI shows no lever, consistent with a hazard driven by severity rather
than by per-feature biomarker structure.

5 Discussion

The central message is a dissociation; discrimination magnitude and counter-
factual interpretability are not the same, and they can trade off. A twin can
score highly by re-deriving radiographic severity while carrying no modifiable
biomarker signal, as TKR shows; conversely, a modest discriminator can carry
genuine, interpretable signal when the cohort is designed to exclude the dominant
confound, as incident OA shows. Cohort design, here restricting OA analysis to
baseline-healthy knees, is what isolates true prognosis, and the counterfactual
layer with its modifiable BMI lever is what makes the resulting twin usable for
hypothesis-generating reasoning about intervention.

Several limitations are intrinsic to the approach, and we state them plainly.
Absolute signal is modest, and the ~0.84 SD next-state fidelity bounds how
far autoregressive rollouts can be trusted; out-of-distribution drift limits high-
magnitude counterfactual claims, which is why we anchor at =1 SD. The OA and
TKR cohorts differ by construction and are not the same patients; the muscle
proxy is a baseline static quadriceps measure, with the time-varying whole-thigh
measure excluded for missingness; and we study a single dataset. Uncertainty is
reported at the subject level for the BMI response only. Planned extensions add
bootstrap intervals across the anchor set, time-dependent Brier scores and cali-
bration slope with numbers at risk, and a quantitative measure of distance from
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Fig. 3. Model-based perturbation responses and internal concordance with prior as-
sociations. (A) Incident OA: imaging-anchor responses separate from the plotted null
group in one trained instance; the BMI trace from that instance is weak and non-
monotone. (B) TKR: anchors show poor concordance and BMI follows the null in the
same single-instance analysis; panels A-B share axes with the 1 SD region shaded.
(C) Model-implied risk differences at +1 SD versus odds ratios from an earlier analysis
of the same parent OAI resource with overlapping cohorts, an internal consistency check
rather than external validation. Responses in all three panels come from one trained
instance; the reported BMI result is the pooled out-of-fold response of Section 4.4.

the training distribution for perturbed states, alongside conditional or anatomi-
cally constrained perturbations that respect correlations among components. Fu-
ture work includes architecture exploration, formal identification analysis asking
which perturbation responses are compatible with the data under stated assump-
tions, and a 3D anatomical-mesh visualization of the counterfactual evolution.

To make the perturbation simulator easier to inspect, we built a browser-
based research interface. A user selects a biomarker component or the BMI lever,
sets a perturbation magnitude in standard deviations, and the twin re-rolls to
show the model-implied change in cumulative risk alongside the affected region
on the bone surface; the surface difference is read against the trained twin rather
than amplified for display. Supplementary material illustrates the interface with
a worked femur cartilage T2 (PC 7) perturbation at three doses, and the results
reported here do not depend on it.

6 Conclusion

A hardened longitudinal counterfactual qMRI twin recovers specific, modest
biomarker effects for incident knee OA that concord with previously reported
associations from the same parent cohort, including a small, correctly signed
BMI response in the pooled repeated cross-fitting analysis. Through a deliber-
ate OA-versus-TKR contrast, it distinguishes genuine prognostic signal from a
radiographic-severity confound, an essential property for trustworthy counter-
factual simulation.
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