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Introduction

 Central banks are increasingly using soft information sources amid rising policy uncertainty. The RBA utilises U ncertamty Business Liaison Uncertainty Index
liaison program intelligence — direct interviews with firms — for timely economic insights. * Keywords are also used to quantify firm-level 5:3, th:v
* In late 2022, the RBA launched a text analytics and information retrieval tool using modern NLP techniques. uncertainty in liaison texts. 2 2
* The tool processes over 25 years of liaison data from approximately 22,000 meetings. Key capabilities include: . I?aison—based gncertainty index. (shown in
L e : adjacent graph) is constructed using the : :
 Rapid historical data querying following process:
 Topic-specific qualitative analysis, including sentiment analysis + Beginning with the Loughran and i //\'\V/\ N O
* Precise extraction of firm-reported numerical data (e.g. wage and price growth). McDonald (2016) dictionary. i \/
» Text-based indicators generated by the tool are shown to significantly improve wage growth nowcasts when * Refinement by RBA liaison experts. g R
integrated into machine learning models. « Further optimisation with a machine
learning model to identify other frequently 2 -2
used uncertainty terms in liaison.

RBA’S Liaison Program » This approach reflects firms’ direct perspectives, 33
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* The RBA’s liaison program, formalised in 2001, involves around 900 interviews per year, or about 75 per month offering 4 unlq.ue comp §men O traditiona Note:  Each series is standardised to show how many standard deviations itis from its mean value;

. . . . . . macroeconomic Uncerta|nty measures. series is monthly with a 13-term Henderson trend.
nat|0nW|de. InterV|eWS y|e|d four typeS Of InfOrmatlon: Sources: Authors’ calculations; RBA.
* Firm metadata
* Qualitative prose summaries Benchmarking our Price Inflation Extractions Precise Numerical Extraction
e Quantitative outcomes Two-quarter rolling average . . .
Q. | e std . s s std * TARS enables extraction of numerical quantities
* Likert-scale staff scores. dev dev mentioned in liaison summaries, expanding
3 3 access beyond traditionally recorded metrics.

Price inflation: » Historical data includes firm-reported wage and
numerical extraction

SOI Utlo N ArCh |teCtu re 2 2 price growth, both retrospective and expected.

Consumer price inflation:

* Liaison meeting details are stored across two systems: : official statistics 1 ‘ Thle SYSteroTl‘ automates the extr?ctlon of such
: : : : : o inflation: values and supports creation of time series
A client relationship management (CRM) database for metadata (e.g. date and business details). Price inflation: - PP :
Afil ¢ systemn (FMS) f " i , staff scores indicators reflective of real economic measures
ile management system or written meeting summaries. 0 0 (see adjacent graph) by:
* These systems are linked via unique identifiers, forming the basis of the Text Analytics and * Extracting from individual summaries
: -1 -1 .
Retrieval System (TARS). * Averaging at the document level
* Key processing steps: P L L L T » Aggregating across N firms to generate
 Extract and clean written meeting summaries. 2008 2012 2016 2020 2024 quarterly or monthly indicators, like using
 Break summaries into structured components (e.g. headings, paragraphs). Lo Fachaeriestsstandardlsed 1o showhow many standard deviations it from s mean value the formula for price inflation:
 Enrich text using NLP to add topic tags (e.g.‘'wages’), tone analysis and extraction of numerical data | _ 1 o _ |
. Average Pricelnflation, = — Z Average inflation rate of snippets related to prices, ,
(e.g. wage/price growth). Ny &~ “
* Enriched textis stored in a Existing systems Our solution architecture
paragraph-indexed, searchable Meeting records

. . dded to datab fri
database, linked to meeting added o feiabase Userfiendly

— | application to 1 1 1 ' ° :
etadate - - [T e An Empirical Application: Nowcasting Wages Growth
e This architecture allows efficient, Sill = nformater « We show the utility of these new capabilities for assessing economic conditions by directly integrating
flexible analysis of decades of liaison-based textual indicators into a nowcasts of quarterly private sector wage price index (WPI) growth.
. . e . o O
firm-level insights, supporting ﬁ N EE‘E — * A baseline Phillips curve model estimated via OLS serves as the foundation:
real-time monitoring and Y linked — gl 7 vy | |
forecaStin . Liaison Linked dcuments A ] I )
I meetings I ez angl p=argmin{ > (AWPI, - By — BAWPI, , — BUnempGap, | — BsUnutilGap, | — B, AInfExp, )7
* Insights can be accessed through S nctonaly Folim
a no-code interface or via coding N ﬁ N N /\/H H extract data fo
languages for custom analysis. . d t analysis * Then, an augmented model adds 22 text-based variables plus their one-period lags, including:
ummary documents
saved to file system * Topic exposure and tone measures related to wages and labour (both LM- and dictionary-based)

* Interaction terms between topic exposure and tone
* Numerical extractions of firms’ self-reported wage growth

N ew Ca a b| I |t|eS * Due to over 44 covariates, machine learning :
) . Table: Nowcasting Performance
shrinkage methods are applied to prevent . .
- k S h o Target: AW PI;; minimums highlighted
Q u IC ea rc eS Liaison Dashboard Home Search Advanced Search Topic Builder Help Overf|tt|ng: Pre-COVID Eull sample
d TARS enables effiCient filtering Of Extracted Data Number of Paragraphs Extracted ° Full History Plots Searched Word Frequency Over History e ¢ Ridge regreSSion (penalises Squared RatiO tO RatiO tO
. - —— | e - i RMSE paselineots  RMSE paseline OLS
liaison text using keyword vt re | 0 | ey | 04 coefficients). poca aseline aseline
. . S ooic Tone . . aseline
combinations and metadata i . . * Lasso regression (performs variable OLS 0.089 1.00 0.192 1.00
(e.g. geographic location and e e e . “ selection by shrinking some coefficients Regularised
indUStr)’)- :c::::nymdustryemup : ” ) ) ) to ZerO). baseline
. CO”S'"JC.“O” 2021 2022 2023 2024 2025 0 0'02001 2005 2009 2013 2017 2021 20250'0 . . . . % % %
* Filtered results support downstream Eerme o * Elastic net (combines ridge and Ridge 0.058 0.65 0.176 091
I' I H d °d H |Paragraph Search | Fileid |Para|Contact | Company | Last Text i |aSSO penaltieS) Lasso 0-061 0.69*** 0.182 0.95
policy analysis and rapid generation | FE=o=o R — - ‘ Elastic net 0.059 0.66%** 0.177 0.92
Of executlve brleflngs, LLM I;ilterhs 231874 Build Design alcljjdretlssling;h:lsliilllsggpi;tr?;;;clcfnstructi:)nsecto?,yetthesginvestmentzsigniﬁcantly ) These mOdeIS are bench ma rked against the A" Variables(a)
. | - | 202409 | 8 2024-09-23 | Sustainable | Wages In light of the Fair Work Commissi;)n's recent wage framework updates, Sustainable Build 1 M1 H ! OLS 3-093 34.67 2.236 11.62
) The SyStem InCIUdeS term—freq uency Paragraph Search 231874 Build Design Desigfnisoptimizingtheirprojectio'nsfor'llabour'e;(pensesithheupcominSﬂslc'alyear. basellne PhI“IpS Curve and the RBAS expert Ridge O 064 0 71 O 152 0 79**
anaIySiS Ca pa bilities to traCk topic | 4 . | ?83228 5 2024-08-19 2::1;?;;322:5 Prices ;hankstoefﬁcientco§tcontrol measuresandstrategicpricin'gapproaches,.SafeHaTven JUdgement‘adJUSted nowcaStS- LaSSO 0.055 0.62** 0.153 0.80**
. . . Advanced S ettings y;r:sitrr]liﬁf‘r;:;? Lja;irz:\;ejcz :.emarkable 3.3 percent growth in gross margins for this fiscal . . .
eVOIUtlon Over tlme (See Styllsed | O| 202408 | 7 2024-08-19 | Safe Haven Labour In light of the rising labour costs, Safe Haven Constructors are committed to finding other * ReSUItS ShOW that Incorporatlng teXt-based features ElaStIC net 0.061 0.68* 0.154 0.80**
example In adJacent flgure). ways to reduce their operational costs and stop further erosion of their margins. U With machine |earning Signiﬁcantly improves Wage Judgement_
growth nowcast accuracy. based
RBA
Tracking the Discussion of the ‘Wages’ Topic Tobic and Tone » The lasso model.output also allows us tc? obserye oublished® 0.069 0.78% 0133 0.69%*
p the Selected VvVa r|ab|eS over our nowcast|n er|0d. Notes:  ***, **.and * denotg statistical sign'!ficance of nO\A{cast'ing'[:.)erformance differer?ces at the 1, 5 and 10 per cent levels,
Std TO iC exposure TO iC-S ecific tone Std respectively from a'I.DleboId ar\cll Marlanotest.'Shadlngsngnlflesthe best performing model over each sample range.
deV p p p p dev ° TARS alSO ena bIeS filtering Of Iiaison Summaries (See graph beIOW) zz))lzzlii:eihaen Ezgtltl(()jlr.]:lii::;aellscs);;ei?fsice;jti\f:zk;letizn:.jir:::”pllaugssincorporation of other information (such as liaison
. N . messages) and judgement based on current conditions.
by macroeconomic and financial themes to Sources: ABS, Authors calulations; RBA
2 2 support exploration of complex topics.
* This thematic filtering facilitates the creation of
0 0 icti : : : . . .
statistical indicators measuring: Variables Selected for Nowcasting * We observe a small subset of
» Topic exposure — how prominently a Using the lasso specification frequent predictors, including
5 5 topic appears AInTEXP.-s traditional variables (inflation
, UnutilGapi-; . ope .
* * Tone - the sentiment associated with AWPI,, expectations, undgrutlllsatlon
the topic. Expectedwages"*" gaps) and staff-assigned scores for
4 Sict 4 o . . ExpectedPrices, " wages, prices, and employment.
cHonary * These indicators are grounded in the idea ExpectedPrices <" \ hased f
H . . ikert ® - —_
6 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 6 that bOth tOpIC exposure and tone Contaln EmploymentlntentlonS: X ev;l] texf.t. ase Ifeature.ts d
) ) S E tedW ket such as firms' self-reporte
2009 2014 2019 2024 2009 2014 2019 2024 relevant economic signal. Ax\fveac SSHafdgiﬁ;md - and hp ab
Note: Each series is standardised to show how many standard deviations it is from its ] gb Y exposure wage grOWt and the labour
mean value. e eure exposure measure — are
Sources:  Authors’ calculations; RBA. Uncertainty,_, .
L abouy M exposure consistently selected.
. . . LM exposurex LM tone .. . .
* Two classification methods are employed: xagestm erposure xagestm * The liaison-derived uncertainty
o . . ages,_; x Wages, _; . ) .
* Language model-based: Transformer models generate probabilistic scores for topic and tone detection. awages M " exreet [T index and interaction terms
. . . . N Dict tone M
 Keyword-based: Curated keyword lists identify relevant topics and associated tone. Labour, , , , , , between wages topic exposure
2016 2018 2020 2022 2024 and tone also contribute valuable
* Aggregated indicators of topic exposure and tone (like shown in above graph) can be created from these i -
ggreg P P grap Baseline [ Staff scores [JJ Text based pred|ct|ve powetr, espec|a||y

methods usi ng the fOl |0Wing form ulas: Note: Only showing variables that were selected in at least 10 or more nowcasts pre-COVl D.

Sources: Authors’ calculations; RBA.
1 N]— NZ

Average TopicExposure, = Z : Average TopicTone, = —ZAverage tone of snippets on a given topic,,
N, = Total number of snippets, , N, o

Count of snippets on a given topic; ,
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