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Clinical Decision Support

• Goal: developing systems that can link EHRs with 
scientific literature that are relevant for patient care

• Input:

‣ EHR: (1) summary, (2) description, or (3) note

‣ Info need: (1) tests,(2) diagnosis, or (3) treatment

• Output: ranked list of scientific articles

Monday, January 23, 17



3

Clinical Decision Support

Topic 1 – Diagnosis
Note:
78 M w/ pmh of CABG in early [**Month (only) 3**] at [**Hospital6 4406**]
(transferred to nursing home for rehab on [**12-8**] after several falls out
of bed.) He was then readmitted to [**Hospital6 1749**] on
[**3120-12-11**] after developing acute pulmonary edema/CHF/unresponsiveness?.
There was a question whether he had a small MI; he reportedly had a
small NQWMI. He improved with diuresis and was not intubated.
.
Yesterday, he was noted to have a melanotic stool earlier this evening
and then approximately 9 loose BM w/ some melena and some frank blood
just prior to transfer, unclear quantity.
Description:
78 M transferred to nursing home for rehab after CABG. Reportedly readmitted with a small NQWMI. Yesterday, he was
noted to have a melanotic stool and then today he had approximately 9 loose BM w/ some melena and some frank blood
just prior to transfer, unclear quantity.
Summary:
A 78 year old male presents with frequent stools and melena.

Table 1: Topic 1.

codes (billing codes that roughly represent the patient’s problems). Topic creators were given a cluster
with a selection of up to 10 admission notes. They chose one of the notes in the cluster to be the topic,
discarding the rest. Where necessary, topic creators removed parts of the note to hide details of the actual
diagnosis, test, or treatment performed. Topic creators also trimmed the notes to reduce overall length
when necessary, removing sections that largely were not manually entered (but added automatically from
structured fields within the EHR). Specifically, topic creators kept the History of Present Illness (HPI) sec-
tion, which corresponds to the “case report” used in previous tracks. Once a clinical note was selected,
manually de-identified, and edited where appropriate, the topic creators then constructed a case descrip-
tion and summary similar to the 2014 and 2015 tasks. Example topics (clinical notes, description, and case
summary) are shown in Tables 1, 2, and 3.

The topics were provided to the participants in XML format. Topic numbers were specified using the
number attribute of each <topic> element and topic types (i.e., diagnosis, test, and treatment) were specified
with the type attribute. The topic’s note is given in the <note> element, the description is given in the
<description> element, and the summary is given in the <summary> element. Table 4 shows Topic 1 (from
Table 1) in this format.

To encourage participants to utilize the note version of the topic, at most 3 total runs (of the maximum
5 allowed) could utilize either the description or summary. That is, teams submitting the maximum of 5
allotted runs were required to use the note version on at least 2 runs. For a given run, only one version
of the topic could be used (e.g., on a single run one could not utilize the note for some of the topics, the
description for others, and the summary for the rest). Participants were required to indicate which version
of the topic was used.

Similar to previous years, the track divided topics among three different types:

1. Diagnosis. This type can be interpreted as asking the question: “What is the patient’s diagnosis?”
This corresponds to the Ely et al. (2000) classification Diagnosis/Cause. A topic of this type would re-
quire participants to return PMC articles a physician would find useful for determining the diagnosis
of a patient described in a case report.

2. Treatment. This type can be interpreted as asking the question: “What is the best treatment for
this patient’s condition?” and corresponds to the Ely et al. (2000) classifications Treatment/Drugs/

Indications and Treatment/General/Indications. A topic of this type would require participants
to return PMC articles a physician would find useful for creating the best treatment plan for the con-
dition exhibited by the patient described in the case report.

3. Test. This type can be interpreted as asking the question: “What is the best intervention for diagnosing
this patient’s condition?” and corresponds to the Ely et al. (2000) classification Diagnosis/Test. A
topic of this type would require participants to return PMC articles a physician would find useful for
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Clinical Decision Support

• Corpus: 1.25 million articles from PubMed Central

• Topics: 30 real de-identified EHRs from Boston ICU’s

• Requirements: 2/5 runs had to use notes

• Judgements: produced by physicians (definitely relevant, 
possibly relevant, not relevant)

• Metrics: P@10, R-precision, infNDCG, infAP

Monday, January 23, 17
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Contextual Suggestion

• Goal: developing systems that can recommend points of 
interest (POIs) that are contextually relevant to a user

• Input:

‣ Context: city (e.g., Boston), trip type (e.g., business), 
trip duration (e.g., weekend), group type (e.g., 
friends), season (e.g. summer)

‣ Profile: ratings from POIs for the same user in a 
different context, possible tags

• Output: ranked list of up to 50 POIs 
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Contextual Suggestion
Context

• City: ID, city, state, latitude, longitude

• Trip type: business, holiday, other

• Trip duration: night out, day trip, weekend, longer

• Group type: alone, friends, family, other

• Season: Winter, summer, fall, spring

Monday, January 23, 17
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Contextual Suggestion
Profile

1 {"id":743,
2 "body": {
3 "group": "Friends",
4 "season":"Summer",
5 "trip_type":"Holiday",
6 "duration":"Weekend trip",
7 "location":{
8 "state":"TX",
9 "id":306,

10 "name":"Waco",
11 "lat":31.54933,
12 "lng":-97.14667},
13 "person": {
14 "gender": "Male",
15 "age": 28,
16 "id": 15012,
17 "preferences":[
18 {
19 "rating":4,
20 "documentId":"TRECCS-00211395-161",
21 "tags":[
22 "Beer",
23 "Culture",
24 "Cocktails",
25 "Restaurants",
26 "Food",
27 "pub-hopping",
28 "cocktails",
29 "bar-hopping"
30 ]},
31 ...
32 ]
33 }},
34 "candidates":[
35 {"documentId":"TRECCS-00267253-306",
36 "tags":[
37 "Beer",
38 "Cocktails",
39 "Family Friendly",
40 "Restaurants",
41 "Food"
42 ]},
43 {"documentId":"TRECCS-00294259-306",
44 "tags":[
45 "Tourism",
46 "Bar-hopping",
47 "Restaurants",
48 "Entertainment",
49 "Live Music"
50 ]},
51 ...
52 ]
53 }

Example 1: TREC Contextual Suggestion Track phase 2 request example in JSON format
Monday, January 23, 17
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Contextual Suggestion

• Phase 1: return POIs from TREC CS Web Corpus

• Phase 2: return POIs from a set of candidate POIs 
provided as input

Monday, January 23, 17



9

Live Question Answering

• Goal: developing systems that can respond to questions 
in real time (within one minute)

• Input: recent and unanswered question posted to Yahoo! 
Answers (YA) (opinions, advice, polls, etc.)

• Output: a 1000-character response or “no response”
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Live Question Answering
Questions

• QID: unique identifier

• Title: typically one sentence question

• Body: additional context provided by the user

• Category: arts, beauty, health, home, pets, sports, travel

Monday, January 23, 17



11

Live Question Answering
Evaluation

• Real-time evaluation: web service accepted requests 
and responded within one minute

• Responses rated on a 0-3 scale by NIST assessors

• Metrics:

‣ AvgScore: average score (null = bad)

‣ Succ@i+: % of Q’s with score(R) >= i (null = bad)

‣ Prec@i+: % of R’s with score(R) >= i

• YA answers included in the evaluation

Monday, January 23, 17
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Real-time Summarization

• Goal: developing systems that can monitor a data 
stream (e.g., tweets) and push content that is relevant, 
novel (with respect to previous pushes), and timely

• Input: a query describing the topic or event of interest

• Evaluation period: 8/2/2016 - 8/11/2016 (10-day period)

• Output: 

‣ Scenario A: up 10 tweets per day (ASAP)

‣ Scenario B: up 100 tweets per day (Midnight)
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Real-time Summarization
Evaluation

• About 200 interest profiles (“predicting the future”)

• Pooling: Scenario A and B results were pooled

• Judging: not relevant, relevant, highly relevant

• Clustering: relevant and highly relevant tweets were 
clustered manually per query
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Real-time Summarization
Scenario A: Metrics

• Expected Gain: G(NR) = 0.0, G(R) = 0.5, G(HR) = 1.0 

• Credit given for only first tweet from each cluster

• Separate metrics to model “silent days”

based on the NIST assessments, one topic has no relevant
tweets, three other topics have exactly one relevant tweet,
and a total of 14 topics have fewer than 10 relevant tweets.
At the other end of the scale, three topics have more than
200 relevant tweets, the max being topic RTS10 (Hiroshima
bomb reactions), with 364 relevant tweets.

After the relevance assessment process, the NIST asses-
sors proceeded to perform semantic clustering on the rele-
vant tweets using the tweet timeline generation (TTG) pro-
tocol, originally developed for the TREC 2014 Microblog
Track [5, 15]. Unlike in previous years, where the clustering
was performed outside NIST, this year the same assessor
both performed relevance judgments and the clustering.

The TTG protocol was designed to reward novelty (or
equivalently, to penalize redundancy) in system output. In
both scenario A and scenario B, we assume that users would
not want to see multiple tweets that “say the same thing”,
and thus the evaluation methodology should reward systems
that eliminate redundant output. Following the TREC 2014
Microblog Track, we operationalized redundancy as follows:
for every pair of tweets, if the chronologically later tweet
contains substantive information that is not present in the
earlier tweet, the later tweet is considered novel; otherwise,
the later tweet is redundant with respect to the earlier one.
In our definition, redundancy and novelty are antonyms, so
we use them interchangeably but in opposite contexts.

Due to the temporal constraint, redundancy is not sym-
metric. If tweet A precedes tweet B and tweet B contains
substantively similar information found in tweet A, then B is
redundant with respect to A, but not the other way around.
We also assume transitivity. Suppose A precedes B and B
precedes C: if B is redundant with respect to A and C is
redundant with respect to B, then by definition C is redun-
dant with respect to A.
In the instructions given to the NIST assessors, they were

not given a particular target regarding the number of clus-
ters to form. They were asked to use their best judgment,
considering both the interest profile and the actual tweets.
For the semantic clustering, the assessors were shown all

of the relevant tweets (from the judgement pool) for a single
interest profile within a custom assessment interface. The
tweets were shown on a left-hand pane in chronological or-
der, while the list of current clusters were shown in a pane
on the right-hand side. For each tweet in the left pane, the
assessor could either use that tweet as the basis for a new
cluster, or add it to one of the existing clusters. In this way,
clusters representing important pieces of information (com-
prised of semantically similar tweets) are constructed incre-
mentally. To aid the assessment process, assessors could
enter a short textual description for each cluster and then
sort the posts by similarity to a selected cluster, as a means
to speed the process of finding additional relevant posts for
a cluster. Users could also retroactively move a post from a
cluster back into the left-hand pane, such that it could then
be assigned to a di↵erent cluster. The output of the assess-
ment process (for each interest profile) is a list of clusters,
where tweets in each cluster represent a particular piece of
information.

2.5.1 Scenario A Metrics

For scenario A, we computed a number of metrics from
the relevance judgments and clusters provided by NIST as-
sessors, detailed below. Unlike the TREC 2015 Microblog

Track as well as previous Temporal Summarization Tracks
(cf. [2]), which devised a single-point metric that attempted
to incorporate both relevance, novelty, and timeliness, we
decided this year to separately compute metrics of output
quality and latency (timeliness).
At a high-level, we envision that systems might trade o↵

latency with output quality: For example, a system might
wait to accumulate evidence before pushing tweets, thus pro-
ducing high-quality output at the cost of high latency. Al-
ternatively, a low-latency system might aggressively push
results that it might “regret” later. Computing metrics of
output quality separately from latency allows us to under-
stand the potential tradeo↵s. Additionally, we believe this
approach is appropriate because we have no empirical ev-
idence as to what the “human response curve” to latency
looks like. Attempting to formulate a single-point metric
collapses meaningful distinctions in what users may be look-
ing for in systems.

Expected Gain (EG) for an interest profile on a particular
day is defined as follows:

1
N

X
G(t) (3)

where N is the number of tweets returned and G(t) is the
gain of each tweet:

• Not relevant tweets receive a gain of 0.

• Relevant tweets receive a gain of 0.5.

• Highly-relevant tweets receive a gain of 1.0.

Once a tweet from a cluster is retrieved, all other tweets from
the same cluster automatically become not relevant. This
penalizes systems for returning redundant information.

Normalized Cumulative Gain (nCG) for an interest
profile on a particular day is defined as follows:

1
Z

X
G(t) (4)

where Z is the maximum possible gain (given the ten tweet
per day limit). The gain of each individual tweet is com-
puted as above. Note that gain is not discounted (as in
nDCG) because the notion of document ranks is not mean-
ingful in this context.

The score for a run is the average over scores for each day
over all the profiles. An interesting question is how scores
should be computed for days in which there are no rele-
vant tweets: for rhetorical convenience, we call days in which
there are no relevant tweets for a particular interest profile
(in the pool) “silent days”, in contrast to “eventful days”
(where there are relevant tweets). In the EG-1 and nCG-1
variants of the metrics, on a “silent day”, the system re-
ceives a score of one (i.e., perfect score) if it does not push
any tweets, or zero otherwise. In the EG-0 and nCG-0 vari-
ants of the metrics, for a silent day, all systems receive a gain
of zero no matter what they do. For more details about this
distinction, see Tan et al. [14].
Therefore, under EG-1 and nCG-1, systems are rewarded

for recognizing that there are no relevant tweets for an in-
terest profile on a particular day, and remaining silent (i.e.,
does not push any tweets). The EG-0 and nCG-0 variants
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Real-time Summarization
Scenario B: Metrics

• NDCG@10 

• Separate version to model “silent days”

• On a “silent day”, a system that does not push any 
results gets a score of 1.0, and a system that does push 
results gets a score of 0.0

Monday, January 23, 17
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Tasks Track
• Goal: developing systems that can infer the user’s 

higher-level task(s) and return results that are relevant to 
the task(s)

• Input: a query describing the information need

• Output: 

‣ Task Understanding: return a ranked list of 1000 key-
phrases describing all possible tasks

‣ Task Completion : return a ranked list of 1000 
documents relevant to all possible tasks

‣ Ad-hoc : return a ranked list of 1000 documents 
relevant to any possible task
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Tasks Track
Evaluation

• Possible tasks created by NIST assessors from pooled 
key phrases returned by participants

• Metrics: favor relevance and novelty

METRIC-IA(RQ) = Â
I2INTENTS(Q)

P(I|Q)⇥ METRIC(RI)

Monday, January 23, 17
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Open Search Track

• Goal: developing systems that can improve their ranking 
performance using “real” user implicit feedback

• Live Systems: CiteSeerX, SSOAR, Microsoft Academic

Monday, January 23, 17
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Open Search Task
Evaluation

• System: select frequent queries and top-100 results

• System: split into training set and test set

• System: send training set to participant

• Participant: re-rank training set, send back to system

• System: interleave system with participant’s results

• System: send interactions (clicks/skips) to participant

• Participant: re-train ranker, re-rank test set, send to system

• System: interleave system with participant’s results

Monday, January 23, 17
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Open Search Task
metrics

• Wins: number of queries for which more participant 
results were clicked

• Losses: number of queries for which more system results 
were clicked

• Ties: number of queries for which the same number of 
participant and system results were clicked

• Outcome: wins / (wins + losses + ties)

Monday, January 23, 17
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Total Recall Track

• Goal: developing systems that can produce document-
at-a-time results, accept feedback, and achieve high 
recall and precision (i.e., decide when to stop)

• At home task: downloadable collections, web server to 
simulate “human in the loop”

• Sandbox task: remote collections, web server provided 
statistics for ranking and simulated “human in the loop”
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Total Recall
metrics

• R = number of relevant documents for the query 

• Recall@aR+b: recall after showing “human” aR+b results

• Recall vs. Effort

Figure 1: Gain curves showing recall (averaged over 34 topics) as a function of the number of submitted documents,
for the athome4 (Jeb Bush) Test Collection.

of the methods—all derived from BMI—yield essentially the same curve, which is superior to all other submissions.
The two manual e↵orts (catres and eDiscoveryTeam) fall somewhat below. The first nine columns of Figure 2 shows
the same information in tabular form: recall when aR+ b documents have been submitted, averaged over all topics.
BMI and sfsu yield comparable results; sfsu may have a tiny edge. The last column shows recall achieved when the
system “calls its shot.” The BMI-derived runs achieve recall of the order of 0.95; the manual runs, of the order of
0.75.

4.2 Sandbox Task

Figures 3 and 4 show gain curves, aR + b, and call-your-shot results for the Blagojevich/Quinn collection. Only
uw and sfsu participated in the sandbox task, achieving results comparable to BMI. Figures 5 and 6 show results
for the same systems on the Twitter collection; notably, uw.knee calls its shot at lower recall (0.801), compared to
other collections.

4.3 Alternative Relevance: “Important” Documents

Figures 7 and 8 show results when only “important” documents are considered relevant for the purpose of evaluating
recall. The calculations of number of documents submitted and R remain unchanged. Comparison with the results
that consider all relevant documents (Figures 1 and 2) shows an insubstantial di↵erence: recall for “important”
documents appears to be slightly higher, particularly at lower levels of e↵ort. Figures 9 and 9 show a similar e↵ect
for the Blagojevich/Quinn Test Collection, as compared to figures 3 and 4. No “important” relevance assessments
were available for the Twitter collection.

4
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Dynamic Domain Track

• Goal: developing systems that can produce 5-
document-at-a-time results, accept feedback (at the sub-
topic and passage level), and decide when to stop

Monday, January 23, 17
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Dynamic Domain Track
or non-uniformly. The former assumes uniform distribution
of subtopics, which is equivalent to nDCG. The latter esti-
mates the ith subtopic probability as 2n�i+1/

P
n

k=1

2k ⇡ 2�i

when n is reasonably large. Saika et al. reported that both
approaches yield similar results.

2.3 Time-Based Evaluation
When evaluating an IR system, regardless of whether the

user’s focus is precision- or recall-oriented, the time for the
user to actually acquire information needs to be considered.
Intuitively, documents ranked higher in the returned list save
the user time. Käki et al. [5] created a measure termed
immediate accuracy that represents how often users found at
least one relevant result by the nth result selection. Another
metric search speed measures the relevant answers obtained
per minute. This has been modeled through metrics such as
nDCG [4], Rank Biased Precision (RBP) [8], and Expected
Reciprocal Rank (ERR) [1].

The recent time-based-gain measure (TBG) [13] models a
gain function that considers factors such as document length
and duplicate documents. TBG models the time actually
spent, rather than assuming a one-to-one relationship be-
tween document rank and time spent. The model considers
whether a user spends more time reading a longer docu-
ment, or if a summary is read prior to clicking and reading
a document. The metric considers the time it takes the user
to reach the position at which the document was ranked.
Smucker et al. [13] calibrated their model based on a user
study. According to their estimation, the time-based gain:

TBG =
1X

k=1

g
k

exp

✓
�Time(k)

ln2
halflife

◆
(6)

where g
k

is the gain of the kth document in the ranked
result list, g

k

= 0.4928 if the kth document is relevant,
otherwise 0, and halflife=224 seconds. The expected time
for a user to reach a document at rank k is: Time(k) =P

k�1

j=1

4.4 + (0.018l
j

+ 7.8)P (C = 1|R = r
j

), where l
j

is the
length of the document at rank j, r

j

is the binary relevance
judgment associated with d

j

. P (C = 1|R = r
j

) is the con-
ditional probability that the user clicks the rth document
given document relevance, set to 0.65 if r

j

= 1, otherwise
the probability is set to 0.39.
We argue that TBG oversimplifies the parameters that

define the time it takes the user to reach document rank k
by keeping these variables constant with respect to time. In
our model, we address the tradeo↵ between search speed and
the subtopic relevance and leave for future work a calibration
to more accurately model user behavior.

3. THE WATER FILLING MODEL AND THE
TASK CUBE

We design a conceptual user utility model called the wa-

ter filling model. We form an analogy between professional
search and filling water into an empty container which we
call a task cube. This model forms the basis of the Cube Test

for evaluation.
Figure 1 shows the conceptual model of an empty task

cube, which is intended to represent the user’s entire in-
formation need. The task cube has unit length of 1. The
segments of the bottom side of the cube represent subtopics,
and the area of each segment represents the importance of

Figure 1: An empty task
cube with 6 subtopics.

Figure 2: Filling “document
water” into the task cube.

Figure 3: High scoring re-
sult.

Figure 4: Low scoring result.

the corresponding subtopic in view of the total informa-
tion need. The area values are ✓

1

, ✓
2

, ✓
3

, ✓
4

, ✓
5

, and ✓
6

for
subtopics c

1

, c
2

, c
3

, c
4

, c
5

, and c
6

, respectively. Each cuboid,
or column, in the cube represents the information need of
the corresponding subtopic.
We imagine each retrieved document as water that flows

into all relevant cuboids. In some cases, there is a one-to-
one mapping between returned documents and subtopics;
and in other cases, a document’s contents can flow into sev-
eral di↵erent chambers of the cube if it is relevant to sev-
eral di↵erent corresponding subtopics. The volume of water
added to each cuboid varies depending on its relevance to
the subtopic. By filling the cube with “document water,”
each cuboid contains water filled to various heights rang-
ing from empty to full. As users examine documents they
accumulate more information for the total need, but gain-
ing information for each subtopic changes at di↵erent rates.
Figure 2 shows this imaginary “water filling” process.
The height of the cube constrains the maximum amount

of relevant information that a cuboid can contain, mirror-
ing the maximum amount of relevant information that the
user cares about for a given subtopic. Finding additional
documents that map to a cuboid which is already filled can-
not contribute more volume to cuboid and does not provide
any additional value to the overall information need of the
user. Thus, once any cuboid of the task cube is filled, the
corresponding subtopic need is considered satisfied.
The water filling model captures multiple dimensions in

the general information seeking process. Recall-oriented IR
problems prefer a set of documents that can contribute to-
wards filling a greater number of cuboids, while precision-
oriented IR problems prefer a few documents to produce
high-volume cuboids quickly without requiring many cuboids
to contribute. In professional search, we argue that hav-
ing more cuboids partially filled is more appropriate than
a smaller number of high-volume cuboids. We design the
actual evaluation metric to favor a system that produces a
filled task cube as in Figure 3 rather than a system that
produces a filled task cube as in Figure 4.
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Assignments

• Jeff - Clinical Decision Support (upload Fudan)

• Katherine - Contextual Suggestion

• Tripp - Dynamic Domain

• Pamela - Live QA

• Albert - Task Track

• Bogeum - Total Recall

• Jaime - Real-time summarization

• Jaime - Open Search
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