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Motivation: Prescribing cascade (PC) occurs when an adverse drug reaction (ADR) is misinterpreted as a
new medical condition, leading to further prescriptions for treatment. Additional prescriptions, however,
may worsen the existing condition or introduce additional adverse effects (AEs). Timely detection and
prevention of detrimental PCs is essential as drug AEs are among the leading causes of hospitalization
and deaths. Identifying detrimental PCs would enable warnings and contraindications to be disseminated
and assist the detection of unknown drug AEs. Nonetheless, the detection is difficult and has been limited
. . to case reports or case assessment using administrative health claims data. Social media is a promising
Existence uncertainty . . . . . ays . . .
Order uncertainty source for detecting signals of detrimental PCs due to the public availability of many discussions regarding
Drug treatments and drug AEs.
Objective: In this paper, we investigate the feasibility of detecting detrimental PCs from social media.
Methods: The detection, however, is challenging due to the data uncertainty and data rarity in social
media. We propose a framework to mine sequences of drugs and AEs that signal detrimental PCs, taking
into account the data uncertainty and data rarity.
Results: We conduct experiments on two real-world datasets collected from Twitter and Patient health
forum. Our framework achieves encouraging results in the validation against known detrimental PCs
(F1 =78% for Twitter and 68% for Patient) and the detection of unknown potential detrimental PCs
(Precision@50 = 72% and NDCG@50 = 95% for Twitter, Precision@50 = 86% and NDCG@50 = 98% for Patient).
In addition, the framework is efficient and scalable to large datasets.
Conclusion: Our study demonstrates the feasibility of generating hypotheses of detrimental PCs from
social media to reduce pharmacists’ guesswork.
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and AEs, i.e., taking the drug d; =“Naproxen”, suffering from the
AE s1 =“hypertension” caused by d;, then treating s; with another
drug d, = “Ramipril”. The additional treatments d, put patients at

1. Introduction

Adverse effects (AEs) associated with medicines are among the

top causes of deaths (100,000 deaths annually), constituting 5%
hospitalizations, and with an estimated medical cost of $75 billion
in the USA [13,21,37]. Some drug AEs, however, may be misinter-
preted as new medical conditions, leading to the use of additional
drugs to treat the AEs. This process is referred to as a prescrib-
ing cascade (PC) [9,27]. We present a well-known example of PC
[12,27] in Fig. 1B. In this example, the PC is a sequence of drugs
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the risk of additional AEs, and may also exacerbate the existing
conditions. As a result, AEs associated with PCs are costly and are
difficult to manage. We define a detrimental prescribing cascade
(DPC) to be a PC that is associated with a subsequent AE. In Fig. 1B,
a patient may suffer from the AE s, = “chest pain” as a result of the
PC (Naproxen — hypertension — Ramipril).

Timely detection of DPCs is essential for minimizing con-
sequences on health and cost. In particular, identifying DPCs
would enable contraindications or warnings to be issued and
assist the detection of unknown drug AEs. The earlier example of
DPC suggests that “Ramipril” should not be taken after the ADR
(Naproxen — hypertension) since the AE “chest pain” may occur.
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Fig. 1. A signal of DPC on social media. Part B shows an example of a known DPC. Part A presents a user tweeting about the drugs and AEs of the known DPC.

Rather, the ADR should be addressed by dose adjustment, treat-
ment cessation or alternative therapies [32]. Besides, s, might be
an unknown AEs caused by d or the drug-drug interaction [2,37]
between d; and d;, and might be interesting for expert’s investiga-
tion. In the earlier example of DPC, s, = “chest pain” is a known AE
of d =“Ramipril” according to Drugs.com (http://www.drugs.com/
sfx/ramipril-side-effects.html). Most previous works [1,9,12,16]
focused solely on discovering PCs, while only Caughey et al. [4]
attempted to identify DPCs. Nonetheless, detecting DPCs is diffi-
cult with traditional sources and existing approaches. Spontaneous
case reports have been the main source of information [28] but
the estimated under-reporting rate of drug AEs was shown to be
more than 90% [ 14]. More recently, administrative claims databases
have been used [4,16] but the approach has been limited to
investigating DPCs on a case-by-case basis. Also, electronic health
records [2] have been increasingly utilized for detecting ADRs and
drug-drug interactions. Administrative claims databases and elec-
tronic health records, while being comprehensive sources, are not
publicly accessible. Therefore, an important research gap here is:
Can we automatically generate the hypotheses of DPCs for investi-
gation from an open data source?

Social media is a promising data source for detecting signals of
DPCs. It was estimated that 11 million people in the United States
have posted information about health and treatment issues on
social media [5]. Recent studies have demonstrated the availability
of such discussions in online health forums (DailyStrength, Health-
Boards, etc.) [5,23-25] as well as general social networks (Twitter)
[8,17,25,41]. Fig. 1A presents a user tweeting about the DPC men-
tioned earlier. Interestingly, an analysis revealed that patients tend
to discuss their drug AEs on social media before reporting the infor-
mation to health professionals [40]. Some of the discussed AEs were
unknown and interesting for expert’s investigation [5]. Further-
more, unlike restrictive traditional sources, the content on social
media is publicly available, enabling worldwide detection of DPCs.

In this paper, we investigate the feasibility of detecting DPCs
from social media. While previous works have exploited social
media for detecting ADRs [5,8,23,24,26,40], drug label changes [6],
drug abuse [31] and epidemics [39], none of them has attempted
to detect DPCs from social media to the best of our knowledge.
Our work reduces pharmacist’s guesswork by generating hypothe-
ses that can then be verified using more rigorous but expensive
studies [4]. Given a set of users with their posts from social media,
benchmark drugs and AEs, we aim to mine sequences of drugs and
AEs that signals DPCs with reliable evidence.

Upon investigation, we notice two essential characteristics of
social media data for DPC detection: data uncertainty and data rar-
ity. The lack of context and confusion in unstructured social media

posts produce two types of uncertainty in the data. Existence uncer-
tainty concerns if a mentioned drug or AE is really consumed or
suffered by the user. In the post #4 of Fig. 1A, the user mentions
“high blood pressure” without indicating their actual suffering.
Order uncertainty refers to the unknown actual order of consumed
drugs and suffered AEs. In Fig. 1A, the actual occurrence order of
“Ramipril” and “hypertension” is unknown as “high blood pres-
sure” is mentioned both before and after “Ramipril”. In fact, it is
hard to determine the actual time of drug consumption or AE suf-
fering due to the existence uncertainty and the scarcity of temporal
evidence in the posts. In addition, DPCs are rare in social media as
each user may consume and suffer from very different drugs and
AEs. We observe from experiments that a DPC often occurs in less
than 10 out of 100,000 users.

Mining DPCs is challenging due to the data uncertainty and data
rarity in social media. First, the data uncertainty and data rar-
ity induce difficulties in selecting reliable DPCs as the supporting
evidence is scarce. Furthermore, the uncertainty and rarity pose
a challenge to the scalable detection of DPCs. Fig. 2 presents a
database example of two users with existence and order probabil-
ities for drugs and AEs. An uncertain database may correspond to
numerous different possible worlds, each of which is a unique com-
bination of alternatives for all uncertain data items and exists with
a different probability [35]. For instance, the uncertain database in
Fig. 2 corresponds to 10 different possible worlds, each of which
has a unique set of drugs, AEs and orders. The probabilities of all
the possible worlds in an uncertain database sum to 1. The number
of possible worlds, however, grows exponentially with respect to
the number of uncertain values. When the total number of drugs
and AEs is n, there are at least 2" possible worlds (considering only
existence uncertainty). In the database of Fig. 2, n=3 and the num-
ber of possible worlds is 10 >23. Also, due to the order uncertainty,
we might need to consider all possible permutations of drugs and
AEs with different probabilities. Imagine a benchmark set of 1400
drugs and 6100 AEs. In the worst case, the search space of DPCs as
permutations of drugs and AEs is (1400 x 6100)2. To make matters
worse, since DPCs are rare, very few sequences can be pruned from
the search space. Our experiments show that it takes more than one
day to mine DPCs from a dataset of 100,000 users using a general
sequence mining algorithm for uncertain data [42].

The state-of-the-art method to detect DPCs [4], however, is
not adaptable to our problem. First, it focuses on examining the
statistical significance of a given DPC signal, where the given sig-
nal is extracted from case reports or manually hypothesized by
research pharmacists. On the other hand, we aim to automatically
generate the DPC signals before investigating their statistical sig-
nificance. Additionally, the statistical significance measure used in
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