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I. OVERVIEW
Motivation
Long-term adverse drug reactions (ADRs) are hard to anticipate, a postmarketing research effort is
necessary.

� Current detection system based on spontaneous reports, under-reporting
� Large Observational healthcare Databases (LODs) contain large, rich data

Goal
Automatically detect unknown lagged ADRs in large healthcare observational databases. This is a non-
trivial task, as

� ADRs are rare events occuring at random times
� Temporal pattern can take many forms
� Many confoundings, hard to control

Contributions
An interpretable multivariate scalable model with nice properties:

� Scalable
� Time-invariant
� Robust to nonlongitudinal confoundings

II. SELF CONTROL CASE SERIES
Conditional Poisson model

P(0,Ti](ti,1, . . . , ti,ni
|ni) = ni!

ni∏
j=1

λ(ti,j |Xi)
Λ((0, Ti]|Xi)

λi(ti|Xi) = exp(ρti + βxi(ti)+ψi + γT zi)

� Interpretability
– Estimate the relative incidence of longitudinal features
– Patients act as their own control

� Convenient for large observational databases study
– Ignore nonlongitudinal effects: robust to nonlongitudinal confoundings
– Scalable: use only cases
– Numerical stability: no overflow risk

III. OUR APPROACH
Discrete-time SCCS
Intensity assumed constant over Time intervals Ib = [tb−1, tb), b = 1, . . . , B

λb := Λ(Ib)
|Ib|

Λb := Λ(Ib) =
∫
Ib

λ(t)dt Λb := Λ
(

b⋃
b′=1

Ib′

)
=

b∑
b′=1

Λb′

Right censoring
We assume there is a right censoring time C

Ñ([0, t)) = N([0, t ∧ C)) Ỹb = Ñ(Ib)

Λ̃b = Λb1tb<t∗ + Λ∗1tb=t∗ Λ̃b =
b∑

b′=1
Λ̃b′

ll (ψ, θ, α|X,Y,C) =
m∑
i=1

B∑
b=1

yib log
(

Λ̃ib
Λ̃B

)

Time dependence through a convolution
Weighted cumulative exposure (WCE) of feature j:

WCEj(t) =
∫ t

0
Xj(u)θj(t− u)du

We assume point exposures to avoid kernel overlapping issues, thus

WCEjb = θjb−bk
1b≥bk

λb(X) = e
φb+
∑J

j=0
WCEj

b
+αZb

Penalization
Group fused lasso over each feature’s coefficient groups, ordered by time are penalized with Fused Lasso
(FL) and Group Lasso (GL).

g(θ) =
J∑
j=1

B−1∑
b=0
|θjb+1 − θ

j
b |+ ||θ

j ||2

Estimation
We use proximal SVRG [5] to estimate the parameters. The proximal operator associated with our
penalization is easy to compute:

� The proximal operator can be decomposed [6]: apply ProxFL then ProxGL

� Efficient algorithm to compute ProxFL [2] and ProxGL has a closed form

IV. SIMULATION STUDY
State of the art
SmoothSCCS [3] is the only SCCS model designed to detect lagged effects to our knowledge. It is a
spline-based intensity to model the WCE, allowing only one longitudinal feature and a time drift at a time.

Protocol

� Correlated longitudinal features simulated from a Hawkes process using [1] on 730 time intervals
� ADRs events are simulated using a Poisson distribution
� Censoring time simulated with an exponential distribution
� 360 time intervals, max lag of the effect of 50 time intervals
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Figure 1: Estimation on simulated data (2000 samples)

Table 1: Performance comparison (MSE)

Model effect n = 500 n = 1000

SmoothSCCS rapid 7.71 (2.68) 7.79 (1.67)
early 7.43 (3.07) 7.73 (1.97)
intermediate 7.45 (2.33) 7.40 (1.41)
late 7.10 (2.31) 7.40 (1.36)
null 6.74 (1.97) 7.51 (1.79)
overall 7.29 (2.51) 7.57 (1.66)

ConvSCCS rapid 2.36 (1.20) 2.04 (1.05)
early 2.05 (1.12) 1.76 (0.64)
intermediate 1.90 (1.17) 1.61 (0.94)
late 1.57 (1.07) 1.42 (1.04)
null 1.91 (0.91) 1.54 (0.71)
overall 1.96 (1.12) 1.68 (0.91)

V. APPLICATION
� We apply our model the the SNIIRAM database (French healthcare system database)
� 3.5 millions of diabetic patients
� Study the effect of glucose-lowering drugs on bladder cancer risk
� Results consistent with [4]
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Figure 2: Estimated relative incidences of glucose-lowering drugs on bladder cancer risk

Limitations

� Drug exposures constrained by kernel size to avoid kernel overlap
� Need to use parametric bootstrap to compute approximate confidence intervals: very slow
� Feature design is easier than common medical studies practice, but is still an heavy task
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