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Searching Real-Time Financial News:

PAR for the Course

by Lawrence C. Rafsky

eal-time news (also known as live news, streaming news or breaking
news) — especially news focused on business and financial matters —
is widely read and builds up quickly. A typical newspaper/newswire
aggregation system will process three stories per second around the clock,
adding approximately 250,000 stories every business day to the collection.
Large commercial systems substantially surpass this total.
The needs and behavior of end-users searching collections of this type
differ from general searching norms in several key aspects:

m The computational burden is closer to the classic alert/routing problem
than it is to the ad-hoc search problem.

Business work is about the opportunities of today and tomorrow.
All news is structured.

User queries do not typically consist of a few terms.

Users have a high degree of topic familiarity and topic focus.

The Computational Burden

The computational burden is closer to the classic alert/routing problem
than it is to the ad-hoc search problem (these are standard terms-of-art in IR
— as, for example, Robertson [1] explains). In fact it closely matches the
batch routing problem, because (1) users save searches and re-execute them
frequently (rather than entering searches in an ad-hoc manner) and (2) very
little latency is tolerated by users. A news article arriving in the last few
moments should be returned as a hit if the article is a search match to a just-
executed query.
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Combine this low-latency requirement with a saved-search, re-execution
cycle that is often a minute or less (programmed as web page auto-refresh),
and the similarity with alerting becomes obvious. Thus the old folk-
theorem, “In search you have all the time you need to study the archive, and
no time to study the query; in alerting you have all the time you need to
study the query, and no time to study the archive,” doesn’t hold here.

However, real-time news is still search. A static set of matches (in this
case, news headlines and summaries) is returned, and the user demands
some ranking of the results by meaningfulness and pertinence. In the alert
problem it is sufficient to present the user with a temporal stream of matches;
not so here.

Thus real-time news search demands the computational agility of alerting
and the semantic processing of search. The job is made somewhat easier by
the batch nature of the query collection — the saved searches. In the
commercial system NewsEdge™, of the last million searches (looking
backward from August 15, 2009), approximately 96.5% of executed searches
were repetitive submissions of stored queries. This statistic excludes users
who specifically posted alerts and received a content push from NewsEdge
— it refers only to users who requested (perhaps automatically) and received
a web page of results.

The Opportunities of Today and Tomorrow

For the most part, real business work (as opposed to academic business
study) is about the opportunities of today and tomorrow. Searchers care less
and less about stories as they come from earlier and earlier time points. Thus
“article publication date” is not merely a time facet or a temporal query
profile [2]; it is a fundamental part of the search process.

Furthermore, there is a fundamental time flow to news: themes develop,
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volatility before and after the issuance of a news story). See Alexander’s book
on market models [17], Chapters 3 and 11.

To assess impact we carefully measure over time the actual changes in
markets when stories break, using time-series statistics, and isolate the features
involved. Here are some of the factors we weigh for news on public companies:

m [s the timing of the news event known in advance (earnings reports),

or is the fact that there is news itself a surprise, representing “true
novelty” (patent infringement case, for instance)?

m How close are we to the next earnings announcement date?

m How close are we to the next options expiration date?

m Has volatility decreased across the time of the news event since
uncertainty has been reduced, or the opposite?

m Has volume dried up ahead of the news release since uncertainty has
increased the real (unobserved) bid-ask spread to the point where
there are no trades to be done?

Having in this way assessed (actual) impact for a large number of news
stories on public companies, we then run a standard categorizer (a
separating hyper-plane algorithm or a support vector machine), eventually
building a linguistic feature set, a set of linear rules and a threshold
computation that can be applied in real-time to any story (whether on a
public company or not). Distance (on either side) from the threshold can be
turned into a numeric measure taking values from O to 1 of (predictive)

impact and be used

FIGURE 2. Impact values to rank stories.

The method
appears to work
well. Here is a
screen shot from our

test bench.
Predicted impact is shown as a number from 1 (low) to 9 (high) — just a re-
scale and rounding of the actual continuous value. The query was: Biotech
Earnings. Note that this is not a query on a public company name.

You can see that new earnings reports got high impact scores (mostly 9s,

one 7), a “reiterate” research report got a 6, a research report with little to say
got a 2 and (most impressively) an announcement of an earnings conference
call — an “announcement about an announcement” — was marked down to

an impact ranking of 1.

As long as our assumption on end-user actions is correct, we believe this
PAR approach, using our impact measure, produces meaningful rankings of
Boolean-match results for working users of real-time business and financial
news search systems.

PAR can be viewed another way. Since investors do actually read news
stories and trade securities on the basis of what they read, if we have accurately
captured their actions (in the sense that we can determine that a market
movement resulted from the issuance of a news story), then impact is in fact
relevance feedback from an informed community. It is not direct feedback,
but a proxy. Hence the other meaning of PAR: Proxy Activated Relevance-
feedback. It is usually easy to focus on a graphic rather than a number, so in
our commercial NewsEdge products we are introducing impact as a bar graph:

Note the IBM story

with no impact. We are FIGURE 3. Impact values in a commercial product

going to allow both a
sort on impact and a
filter (show no stories
below an impact
threshold).

We believe we
have done our job.
We have made PAR.
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