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Population scale is already possible—without pooling records

FDA SENTINEL DISTRIBUTED DATABASE - 2000-2025

138.7M  1.5B 13.5M

members currently person-years mother—infant

accruing new data of data linked deliveries
WHY SCALE MATTERS HOW THE NETWORK OPERATES
Rare adverse events and drugs Partners keep records behind
used in small populations become their firewalls and return
studyable. de-identified results.

Sources: FDA Sentinel, Key Database Statistics and How Sentinel Gets Its Data, updated October 2025.
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Heterogeneity makes local estimates a fragile unit of exchange

Pi,..., Pk may differ arbitrarily = Ry(0),..., Rk(6) have different shapes.

Different populations Sparse or zero events Many downstream

Local optima reflect Separation can make a targets

different case mix, local coefficient or standard  Overall, subgroup, and

treatment patterns, and error unstable or undefined.  interaction analyses can

outcome processes. trigger repeated site-side
fitting.

Research question

Can one communication round recover the pooled empirical-risk minimizer—without sharing
individual records or modeling how sites differ?

The next example shows that these are not hypothetical edge cases.
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A harmonized protocol does not make sites homogeneous

Depression: Age < 65

Depression: Age > 65

Mayo—{ Mayo -

Yale Yale

Penn— Penn—

UTSWH | UTSWH
T 1

Depression: Female

Mayo~
Yale
Penn—

UTSW+

05 10 15
Odds ratio (OR)

0.0 2.0 0.0

One network target

Four health systems follow
a common protocol, while
patient-level records remain
local.

Depression: Male

Mayo—
Yale-|
Penn—

UTSW+

T T
0.5 1.0 15

Odds ratio (OR)

T T
05 10 15
Odds ratio (OR)

2.0 0.0

Case mix shifts sharply
Mean age spans about 57—
67 years; Black representa-
tion spans about 4%—41%
across site-arm cells.

05 10 15
QOdds ratio (OR)

2.0 0.0 20

Sparse strata matter

Sparse events and separa-
tion can make local sub-
group fits unstable or unde-
fined.
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Averaging local estimators does not recover the pooled fit

What estimator-level aggregation keeps

R1(0)

R (0)

Local minima: oﬂ =-1.2, 0@ =22
Naive average: (61 + 62) = 0.50

0

What pooled analysis actually uses

LR1(0) + S R2(0)

" , naive average 0.50
Il Il

0

Pooled minimizer: §p ~ —0.17
argming » , wiRi(0) # >, wi arg ming Ry, (6)
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The pooled target is an empirical-risk minimizer

Gold-standard pooled analysis

00

Nonlinear local risk
For logistic regression,

1 o
Qk(9) = o Z log{1 + exp(z;0)} .
i=1

This function changes shape with the local
joint distribution.

K

fp = arg min R(0), R(6) = Z wie{Qu(0) — G0}, wi =

k=1

Ny
N
Low-dimensional linear summary

1 &
Ck=— E Yizki-
Ny < 1
1=

The vector Cy is directly shareable; the chal-
lenge is representing Qk(-) compactly.

Pooling aggregates local risk shapes—not local estimates.
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CAR shares risk functions, not local estimates

Behind each site firewall Coordinating center Reusable outputs
one transmission

Site 1 local records — overall association
build Q1; send (n1, C1,TT cores) = Reconstruct and aggregate the risk

K — age / sex subgroups
. 2} _ A T

Site 2 local records / Rear(0) = Zwk{Qk(G) - Cy 6} o
build Qs; send (n2, Ca, TT cores) k=1 — joint subgroup contrasts
\i

Site K local records Opasi-car = argmin Roar ()
build Qg ; send (nx,Ck, TT cores) ges)

——— profile likelihood Cls

No local GLM fit e no site-selection model e no iterative gradient exchange

The change of primitive

CAR turns distributed inference under heterogeneity into a controlled function-approximation
problem.
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One upload supports many coefficient-restricted submodels

Build and upload once. Each site approximates the risk for one sufficiently rich design:
qull(Aa X) = (13 Aa XTa MTa (AM)Ta h(M)T,g(A, /\/I)T)T - ﬁF(efull)-

A submodel is a constrained re-fit Changing C changes the question

M(C) = {61 € © : Chpay = 0}, » Overall: zero subgroup and
~ PN treatment—subgroup blocks.
0e(C) = argmin Re(6).
6eM(C) » One subgroup: retain M; and AM;.
» Intersectional: retain selected main
effects, interactions, and higher-order
terms.
Reuse. New C at the center; same upload, no site re-fit. Since M(C) C ©,

Re-minimize on M(C); do not take restricted
coefficients from the unrestricted fit.

sup |Rr(6) — R(6)| < sup [Re(6) — R(0)].
feM(C) 0O

8/15



Uniform risk approximation yields near-lossless estimation

Aggregated approximation error

K
D= wi]|Q = Qulloes  [Ifllec = sup [F(6)].
et 0€O

Deterministic perturbation guarantee

If the pooled risk is k-strongly convex on ©, then

. . 4A
[fear — B3 < =2
Finite sample No heterogeneity penalty Tunable error
Deterministic for the No dependence on K or a Accuracy is governed by
realized distributed dataset. model for how the site risk approximation and
distributions differ. pooled curvature.
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Fast-CAR compresses GLM risk without a dense grid

Local GLM risk 1. Polynomialize 2. Explicit TT cores 3. Grid 4+ TT-rounding
b(t) ~ pm (1) T
1 T m pm(z'0)
0) = — b(z:0 ~ round. =
Qx(0) nkZ (2k:0) pm®) = 3 Tt =G1G - G, F, founde,
=0 = =~
high-dimensional in 6, - - Gl HGr-- 'Gp - Qw=JB []:k]

but every term depends on analytic GLM links:

< —pm
one scalar z,;,0 error S € exact for the polynomial; if B > m, there is no
intermediate rank < m + 1 extra interpolation bias

Dense grid: (B + 1)? entries X TT cores: O{p(B + 1)r’} entries v

The scalar approximation is one-dimensional; the multivariate risk stays in a
rank-controlled tensor format.
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One compressed risk preserves inference and supports many targets

Fast-CAR error for analytic GLM links
|frast-car —fpll3 < "™+ (log B)e.

If Ag = 0,(N~1), then for smooth 1,

VN [ (Brast-car) = ©(0p) ]2 = 0p(1),
and the profile likelihood-ratio statistics satisfy

|/\Fast(7—0) — /\P(TQ)| S 4NAQ = Op(l).

one rich pooled risk
Rrast-cAR

overall adjusted association
v

age or sex subgroup contrast
v

intersectional contrast
A\

profile likelihood confidence set

| Reuse. Central restrictions and contrasts require no site rerun.
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Fast-CAR stays close to pooling as heterogeneity intensifies

Logistic model - N =500 - K =5-d =5,10,15,20 - m=9, B=20, ¢ =10"°

Homogeneous Heterogeneous
Method BBl FasCAR

++#++*’H++#*+ *++

[E L A T

0 15 2 5 0 15 2 g 0 =
Dimension d Dimension d Dimension ]

Log MSE
Log MSE
LogMSE

Moo B rescan B9 o I8 s Extreme single-arm separation

Random partition and outcome-dependent heterogeneous partition
Main reading
Fast-CAR tracks pooling; estimator-level meta-analysis deteriorates under selection as dimension
grows.
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In five hospitals, Fast-CAR reproduces the pooled analysis

GLP-1vs. DPP-4i

Pooled I ®

FastCAR k 4

Meta-diag I - {

Meta—cov k ®

-0.3 -0.2 -0.1
Estimated log—odds ratio

Adjusted log-odds ratio for GLP-1RA versus DPP-4i

1
0.0

Internal validation design

» Five-hospital network
» Three-year MACE outcome
» Centralized pooled fit

Treatment coefficient (SE)

Pooled  —0.251 (0.058)
Fast-CAR  —0.249 (0.058)

Both p < 0.001.

Agreement extends to all coefficients
and standard errors.
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One federated fit supports many clinically relevant subgroups

Four health systems - records remain local - selected prespecified contrasts

Incident alcohol use disorder Incident tobacco use disorder
| |
Age < 65 —_— | Age < 65 -_—
I I
| |
Age > 65 — : Age > 65 ——— :
i i
Female —.—:— Female -.-;
I I
| |
Male —— ; Male — ;
I I
No baseline obesity ——— 1 No baseline obesity - :
| |
I I
With baseline obesity —— | With baseline obesity —
| |
05 1.0 14 05 1.0 14
Odds ratio (GLP-1RA vs DPP-4i) Odds ratio (GLP-1RA vs DPP-4i)
® 95% Cl excludes 1 e Cl includes 1 Selected adjusted associations from the four-system federated analysis

These are adjusted associations; subgroup findings are suggestive rather than
confirmatory.
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Treat heterogeneity as structure to absorb, not a model to guess

@ Target the pooled risk. Averages of local estimates generally do not recover the
pooled empirical-risk minimizer.

@ Approximate and communicate once. Fast-CAR combines Chebyshev
approximation with tensor-train compression and achieves a controllable error
relative to full pooling.

© Reuse the same object. One compressed risk supports point estimation, likelihood
inference, subgroup contrasts, and restricted models.

Scope and boundary

The current construction targets single-linear-predictor ridge losses such as GLMs. It inherits
the interpretation of the pooled working model, does not create causal identification, and is not
by itself a formal differential-privacy guarantee.

Under heterogeneity, share risk—not local estimates.
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Thank youl!

Huiyuan Wang
hyw.stat@outlook.com


mailto:hyw.stat@outlook.com

Add Gaussian noise once; Fast-CAR proceeds unchanged

1. LOCAL RISK EVALUATIONS 2. PRIVATE RELEASE

J
ak = {L(0))},—, Yi=aqk+&, &~ N(0,071))

CALIBRATE ONCE USING THE QUERY SENSITIVITY A;

- 213, log(1.25/9)

o
k = 62

— Yy is (c,8)-DP.
3. CONTINUE WITH THE USUAL PIPELINE
noisy evaluations Y, — Fast-CAR compression — aggregate and reuse

One privacy step. Post-processing preserves privacy, so all downstream Fast-CAR outputs
inherit the same guarantee.



One rich design encodes many scientific targets

Overall treatment association

Zmain(Avx) = (17A7XT)T7 OR = eXp(/BZ)'
One subgrouping variable V;
zj(A7X):(17A7XT7IVlj7AMj)T7 TJ*(m):ﬁZ""mﬁzMJ

Two subgrouping variables M,, M,

T;(mra mS) - ﬂz + mr/BZr + mS/BZs + mrmS/Ber'

Reduced models are obtained by linear coefficient restrictions on the same rich pooled risk.
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Why not reweight across sites?

Pairwise density ratios would be needed

_dPX,AY[S =)
XA Y) = G A Y S =h)

» The ratios are unknown and must be estimated from high-dimensional joint
distributions.

» Misspecification can produce bias that does not vanish with increasing sample size.
» Support mismatch generates extreme weights and unstable variance.

» A site cannot diagnose a pairwise ratio model using only its own local data.
Positioning

CAR targets a pooled empirical risk without modeling site selection; transportability methods
remain valuable when their assumptions are credible.

3/12



Chebyshev approximation controls the scalar error

Degree-m approximation Effect of the parameter box

If |z76] < M, then for a strip of ana-
m lyticity of width o,
pm(t) = Z ceTe(t), Te(x) = cos{£ arccos(x)}.
=0 2

(M)=Z 4 4/1+
- . P = .
The coefficients depend only on the scalar link and M M?
are shared across sites. A wider box slows the geometric rate.

Analytic link
nalyHe an Logistic link
2V B The nearest complex singularities are
Hb—pm||oo§p(M)_1p(/\/l) " at t = £im, so o = 7.
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Explicit tensor-train cores

Write x; = z;0; and pm(t) = >, , act’. Then
pm(276) = Gi(x1)G(x2) - - G(Xp-1) Go(p),

with intermediate TT ranks at most m + 1.

Boundary cores Interior binomial update

Gi(x) = (%o(x),. ..,wm(x)),

s : S, —xI=r <
=g ZS'(f (G = Ali—nt™ 7 T="
0, r>i

Gp(x) =(1,x,... ,Xm)T.

This propagates the powers of the running
partial sum across coordinates.

No observation-level numerical tensor factorization is required.
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Two tuning errors determine the final accuracy

Local surrogate and parameter error
For B> m, R
[Qk = Qulloo < C{e™"™ + (log B)?e},

and therefore

||§Fast—CAR = §P||§ < C{e_’"" + (log B)ps}.

m: scalar approximation B: grid level e: TT rounding

Increase until the Choose B > m; the Smaller values preserve

one-dimensional link error polynomialized risk then more information but

is negligible. has no interpolation bias. increase rank and storage.
Reported settings: m =9, B = 20, e=10"°,
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TT rank and runtime scaling

Average FastCAR Rank Average FastCAR Time Average FastCAR Rank Average FastCAR Time
1100
1000
2000
84
900
750
1500
81
w00 700
1000
250 " 500
500
0 75
10 15 20 25 5 10 15 20 25 200 400 600 400 600 800
Dimension d

800 200
Sample size of each site

Increasing model dimension Increasing sample size per site

Observed pattern

Rank and runtime increase with dimension; larger site samples are more compressible and yield
lower TT rank.
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Likelihood inference tracks the pooled benchmark

FastCAR

Theory

|AFast(TO) — AP(T())| < 4NAQ.

95% Confidence Intervals for By

i

Method K Size  Power .2 Power .4
Pooled LRT - .051 .633 .990
Fast-CAR LRT 10 .051 633 1990
Fast-CAR LRT 20 .051 .633 .990
Meta-diag Wald 10  .030 422 .920
Meta-diag Wald 20  .039 271 .806
Meta-cov Wald 10 .020 .382 .945
Meta-cov Wald 20 .013 .161 .819

Heterogeneous setting

N = 500, d = 5; power columns correspond to
B1 = 0.2 and 0.4. Fast-CAR reproduces pooled
LRT size and power for both K = 10 and K = 20.
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Agreement across the coefficient vector

Covariate Pooled Fast-CAR Meta-diag Meta-cov

Intercept —2.400 (.042) —2.388 (.041) —2237 (17.91)  —2.320 (17.91)

Treatment —0.251 (.058)  —0.249 (.058) —0.221 (.059) —0.265 (.057)

Chronic kidney disease .111 (.023) .108 (.023) .102 (.023) .102 (.023)

Cerebrovascular disease .347 (.016) .347 (.016) .128 (.018) .123 (.018)

BMI .014 (.019) 015 (.019) —.029 (.089) —.034 (.089)

T2D combination —.003 (.019)  —.003 (.019) —.010 (8.1x102) —.007 (8.1x102)
Fast-CAR Estimator-level aggregation
Near-identical estimates and Larger discrepancies and unstable variance
standard errors across the full model. for low-prevalence covariates.
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The cohort remains behind site governance

Site Protocol eligible ~ Analysis cohort GLP-1RA  DPP-4i
YNHHS 27,520 16,667 9,500 7,167
Mayo 24,347 15,284 12,270 3,014
UPHS 21,011 14,805 7,644 7,161
UTSw 7,984 4,908 3,704 1,204

Harmonized construction  Governance

Common eligibility criteria

and outcome-specific
washout are executed

locally.

Privacy boundary

Individual records remain at  Averaged risks are

each institution; small cells ~ summary-level objects, but

are suppressed in

descriptive summaries.

formal privacy requires
secure aggregation or
differential privacy.
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Alcohol-use-disorder subgroups

Alcohol Use Disorder

Age< 6. rot 0567 (0.57,0.79)
Ago = 65 .t 069 (0.49,0.96)
Fomale [ 084062, 1.14)
[ 058 (0.37,0.91)
Nat HispanicorLato: i 0,66 (0.4, 0.98)
—— 067(0.38,121)
ted 0568 (0.59,0.79)
—.—i 063 (0.42,0.94)
——— 099 (0.73,1.33)
—$——1 101066, 154)
—— 0,58 (0.37,0.90)
—— 059 (0.35,1.01)
Age <65 + NotHispanicor Laino| | 0565 (0.44,0.97)
Age »= 65+ Nt Hispancor Latio|  F—e——+1 0567 (0.41,1.10)
Ago <65+ Hspancor o] +—8——— 0,67 (0.38,1.19)
Age »=65+ Hispanic o Latno~|  +—e———— 069(0.36,1.32)
Age <65 + No baseine abesity | rot 0568 (0.57,081)
Age »=65+ Nobaseine obesiy{ | 069 (0.49,0.98)
Age <65 + Wit bassine abesiy | o 0563 (042,0.95)
65 + Wi baseine abesiy | +—e——+ 0564(0.39,1.07)
Female + Not Hispanic orLatno-| o 0,50 (0.25, 0.96)
Ml + Not Hispanic or Latino~|  +———— 0.45(0.21,0.98)
Fomalo + HispanicorLatno|  +—e————  0.69(0.30, 1.61)
Mele + Hisparc r Latino|  +—e————— 0,63 (0.25, 1.60)
Femal + No baseine abesiy | i 0.86 (063, 1.19)
Male + No baseine besity{ o~ 058 (0.37,0.93)
Femal + Wit bassine besity{  +—e—— 080 (0.49,1.31)
M + Wit baseine obesity| o 0.54(0.30,0.98)
Nl Hispanic or Latio + No baseine obesit e 0568 (0.45,1.02)
Hispanic orLaino + No bassine besiy{  —e——+— 0.68(0.38,1.23)
Not Hispanic or Latino + Wih baseine obesiy | +—e——H 0,62 (0.36,1.08)
063(031,127)
00 s 20

1o 18
Odds ratio

i —® | ORsignificantly < 1 (Protective)

Adjusted odds ratios and 95% confidence intervals; blue intervals exclude 1.
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Tobacco-use-disorder subgroups

Tobacco Use Disorder

Age <65 0.78(0.71,0.86)

Age >+ 65 0.72(059,0.86)

Fomal 0.87(0.77,0.98)
Mal:

0.70(0.57,0.85)

0.81 (065, 1.01)

0.75(0.55, 1.04)

071(065,077)
— 106 (0.86,1.32)
089(0.78,1.02)
0.79 (064, 0.98)
0.73 (060, 0.90)
0565 (050, 0.85)
082 (065, 1.03)
075 (057, 1.00)
0.78 (0.56, 1.08)
0.71(049,1.03)
072(065,079)
0,68 (0.56,0.82)
- 109 (0.87, 1.36)

Not Hispanicor Latino

‘Age <65 + Not Hspanic o Latn:
‘Age >= 65 + Not Hispanic or Latino-
‘Age <65 + Hispanic o Lato;
Ago »= 65 + Hispanic or Latino
‘Age <65 + No baselina cbesiy|
‘Age >=65 + No basaina obesity|
‘Age <65 + Wit baseina cbesiy |

i 1.03(0.78, 1.36)
— 093(0.73,1.47)

0.75(0.56,0.99)
— 0.86 (062, 1.20)

0.70 (048, 1.00)
0.80(0.70, 0.92)
066 (054, 0.81)
e 116(092,148)
i 096 (0.72,1.28)
074(059,093)
070051, 0.98)
e 111(082,150)
o 106(072,155)
0 05 10 15 20
Odds raio

{—@—— OR not statistically significant (No effect) :

NotHisparic or Latino + No bassina obesity|
Hispanc or Latino + No bassine obesity-|

Not Hisparic or Laino + With baseina obesity|
Hispanic or Latino + Wit baseina cbesity-|

ot Betuyy Petpigteag ftste

Adjusted odds ratios and 95% confidence intervals; blue intervals exclude 1.
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