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Abstract

This paper investigates the flattening slope of the:New KeynesianPhillips Curve (NKPC)
in China, focusing on the role of inflation expectations and central bank communication.
Using quarterly data from 1993 to 2025, we construct a latent expectation index from fore-
casts and surveys, and develop novel text-based indices of the People’s Bank of China’s
Monetary Policy Reports with large language models. IV-GMM estimates show that in-
flation dynamics are dominated by expectations, while the Phillips curve slope becomes
insignificant or negative after.2013. Subsample and rolling analyses reveal a structural
shift: before 2013 both expectations.and.demand pressures shaped inflation, whereas af-
terward demand effects.vanish and inflation becomes expectation-driven. Communication
indices further explain expectations: aggregate stance and forward-looking guidance re-
duce theirlevel, financial stability concerns raise them, and forward guidance strength and
structural policy focus enhance anchoring. Overall, the evidence suggests that conven-
tional demand-based mechanisms have weakened, with expectations and communication

now central to inflation dynamics and policy transmission in China.

Keywords: New Keynesian Phillips Curve; Inflation expectations; Central bank commu-

nication; Expectation anchoring; Monetary policy in China



1 Introduction

Recent developments in China’s inflation dynamics present an unusually puzzling picture.”On
the production side, producer prices (PPI) have been in persistent deflation, reflecting. weak
industrial pricing power and global supply pressures. Yet at the macro level, real GDP.growth
has remained relatively robust, and measures of aggregate slack do not suggest severe underuti-
lization. At the same time, households often perceive elevated inflation in-daily’consumption
goods, with concerns over monetary expansion feeding into higher inflation expectations..The
result is a striking divergence: deflation at the factory gate, stable but: modest-CPI inflation
in the aggregate, and heterogeneous perceptions among firms, households, and pelicymakers.
Such a paradox—falling costs in production, stable aggregates, but rising inflation concerns in
perception—is rarely observed in other major economies.. It makes/China an especially com-
pelling case for re-examining the Phillips Curve and,.mere broadly, for reassessing the central

role of expectations in monetary policy transmission.

While salient in China, this challenge echoes a broader/global puzzle: the flattening of the
New Keynesian Phillips Curve (NKPC). Alarge literature has proposed several, not mutually
exclusive, explanations. (i) Anchored expectations. With explicit inflation targets and system-
atic communication, expectations have become more firmly anchored, weakening the pass-
through from real activity to-prices. Evidence of declining slopes is documented by Blanchard
(2016), while studies of forward guidance and central bank communication further underscore
the importance of expectations'management (Campbell et al., 2012; De Haan & Sturm, 2019;
Swanson, 2021; Coibion etal s2022). (ii) Supply-side mechanisms. Another strand emphasizes
that marginal-cost pressures translate less into prices due to structural changes in price set-
ting, producing unusually quiescent inflation dynamics (Del Negro et al., 2015, 2020). Micro-
founded models of price rigidity provide theoretical foundations for such flattening (Rotem-
berg,1983; Sbordone, 2002; Gal1 & Gertler, 1999; Gali et al., 2005). (iii) Expectation mismea-
surement,. Coibion & Gorodnichenko (2015) show that professional forecasts fail to capture
the expectations relevant for price setters; household and firm surveys, more sensitive to salient
price movements, reconcile “missing disinflation” episodes. This implies that empirical slopes

are partly an artifact of poor expectation proxies. Taken together, these explanations suggest



that reduced-form NKPC slopes can appear small due to anchored expectations, supply-side

shifts, noisy measurement of slack and expectations, and policy-regime non-linearities.

Turning to China, the Phillips Curve puzzle is closely tied to the formation and measure-
ment of inflation expectations. Unlike advanced economies where professional forecasts or
market-based expectations are often reliable proxies, China lacks a long history of consistent,
high-quality household and firm surveys. As a result, empirical work has relied on indirect or
noisy proxies, such as consumer sentiment indices or implicit measures extracted from bond
yields, which may not reflect the expectations relevant for price and wage setters./ This-limita-
tion partly explains why estimates of China’s NKPC often yield unstable or insignificant slope

coefficients (Zhang & Murasawa, 2011; Zhang, 2013).

Moreover, expectation formation in China is complicated by its transitional and state-
influenced institutional context.. Households frequently-perceive High inflation in daily con-
sumption items even when aggregate CPI remaifs, subdued, while producer expectations are
shaped by persistent PPI deflation and administrative price’ guidance. Such heterogeneity across
agents creates a gap between aggregate ' measures of‘slack.and the expectations channel that
drives price-setting behavior. Indeed, recent evidence highlights that inflation dynamics in
China are more closely tied to expectation shifts than to output gap fluctuations, underscor-
ing the importance of better capturing how expectations are formed and managed by policy

communication (Fernald et al.;»2014;.Girardin et al., 2017).

In addressing. the difficulty. of measuring expected inflation in China, we adopt a two-
pronged approach. First, we draw on available survey proxies, including professional forecasts
and diffusion indices of expected product and consumption prices. Second, we propose that the
People’s Bank of China’s (Monetary Policy Reports) provide a systematic and forward-looking
source of signals, which we quantify using large language models. By integrating these ex-
pectation measures into an extended NKPC framework, we test the role of communication in
anchoring expectations and explaining China’s inflation dynamics. This approach not only pro-
vides a new lens on the Phillips Curve in China but also contributes to the broader literature on

the role of communication in monetary policy transmission.



2 Literature Review

2.1 The Phillips Curve and the Flattening Puzzle

The empirical debate on the NKPC has evolved substantially since its micro-founded formula-
tion in the 1990s (Gali & Gertler, 1999; Sbordone, 2002). Early evidence suggested that infla-
tion dynamics could be well explained by a hybrid model with forward- and backward-looking
components (Gali et al., 2005). However, subsequent studies across the US, Euro Area; and

Japan documented a striking decline in the slope of the Phillips Curve.

Blanchard (2016) characterizes this decline as a shift “back-to the 1960s”» expectations are
better anchored, but inflation has become less sensitivesto slack. {Del Negro, Giannoni, and
Schorfheide (2015) and Del Negro et al. (2020) show, using DSGE and VAR methods, that
inflation appears unusually unresponsive to cyclical fluctuations, suggesting structural changes
in price-setting behavior or global supply conditions. Other explanations include globalization,
which disciplines domestic prices through import competition, and declining frequency of price

adjustment, consistent with higher nominal rigidity.

Coibion and Gorodnichenko (2015) provide.a.complementary perspective. They argue that
the missing disinflation after 2008 largely disappears once one uses household survey expec-
tations rather than professional forecasts. This critique highlights expectation heterogeneity:
while financial markets and forecasters may be well anchored, households and firms—the ac-
tual price- and.wage-setters=—remain sensitive to salient price shocks such as energy or food.
Recent studies reinforce this view, showing that central bank credibility may bifurcate across

agents, withuimplications for the stability of the NKPC.

For. China; empirical evidence has been mixed. Zhang and Murasawa (2011) and Zhang
(2013) attempt to estimate extended NKPCs including open-economy factors, but find that the
ottputfgapiiay limited explanatory power for inflation. Fernald, Spiegel, and Swanson (2014)
argue that the effectiveness of monetary policy transmission itself is weaker than in advanced
economies. He and Pauwels (2008) and Girardin et al. (2017) show that the PBoC’s policy

reaction function differs systematically from standard Taylor-rule type rules. These studies



converge on a central point: standard NKPC formulations fail to capture China’s inflation dy-
namics, not least because expectations and policy stance are poorly proxied by observable

variables.

The remainder of the paper is organized as follows. Section 3 details the data and.the con-
struction of the communication indices. Section 4 empirically estimates Chinas NKPC slope
using hybrid specifications (IV-GMM), with subsample, rolling-window, and robustness anal-
yses. Section 5 analyzes the determinants of inflation expectations using'the'communication
indices and evaluates their anchoring effects. Section 6 concludes with implicationsfoer-mone-

tary policy design in China and broader lessons for central bank communication.

2.2 Central Bank Communication and Textual Analysis

Parallel to the NKPC debate, a rich literature has'emerged on central bank communication as a
policy tool in its own right. Modern monetary policy operates not only through actions but also
through words: forward guidance, policy reports, and press conferences shape expectations
and financial conditions (Campbell.etal., 2012; Swanson, 2021). Empirical studies show that
communication shocks can move yields, exchange rates, and asset prices independently of

policy rate changes.

Early research measured communication using simple event studies or dictionary-based
sentiment indicators. Hansen and'McMahon (2016) use computational linguistics to quantify
the effects of Federal Reserve statements. Hansen, McMahon, and Prat (2018) examine FOMC
deliberations, showing how transparency interacts with decision-making. De Haan and Sturm
(2019) provide a comprehensive survey of central bank communication, emphasizing its evo-

lution into a “fourth policy instrument.”

Recent,advances in natural language processing (NLP) and large language models (LLMs)
have transformed this field. Gambacorta et al. (2024) introduce CB-LMs, specialized lan-
guage models for central banking text, while Geiger et al. (2025) develop MILA, a monetary-
intelligent language agent designed to classify central bank communication in a transparent

manner. These innovations demonstrate the potential of LLMs to extract multi-dimensional
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policy signals, including tone, forward-looking orientation, and structural focus.

Despite this progress, applications to China remain scarce. Existing studies typically rely
on aggregate indices or qualitative assessments of PBoC speeches and reports. To our knowl-
edge, no study has systematically leveraged LLM-based methods to quantify the multidimen-
sional stance of PBoC communication. This gap is particularly important given the PBoC’s
unique institutional architecture, where aggregate and structural objectives coexist and:where

transparency is more limited than in advanced economies.

Our study bridges these literatures. By introducing novel text-based indices-of PBoC com-
munication into NKPC-type models, we provide new evidence on the anchoring role‘of commu-
nication in shaping inflation expectations. More broadly, we.contribute.to comparative studies
of monetary policy by examining how communication functions in a large transition economy

with a dual-mandate framework.

Building on these insights, the next section.introduces our data sources and the construction

of the communication indices.

3 Data and Methodology

This section introduces the dataset and outlines our methodological framework. We first de-
scribe the macroeconomic variables used in the empirical analysis, including inflation, output
gap, monetary aggregates,and policy rates. We then document the textual data, namely the
Monetary Policy Implementation Reports published quarterly by the People’s Bank of China
since 2001, and explain how we preprocess these texts. Finally, we describe the construction of
expectation proxies and the large language model (LLM)-based classification framework that

produces four.indices.



3.1 Data Sources

Our quarterly dataset spans 1993Q1-2025Q2 and combines both international and domestic
sources. Inflation is measured using the Consumer Price Index (CPI, 2010=100) from CEIC
(original source: IMF). The raw CPI series is seasonally adjusted using the U.S.Census Bu-
reau’s X-13 procedure, and quarterly inflation is defined as the log difference of the seasonally

adjusted CPI (annualized).

Output is taken from CEIC’s real GDP series (constant 2020 prices). We apply-X-13 sea-
sonal adjustment to the level series and then use the Hodrick—Prescott filter (A’ = 1600) to
separate trend and cycle. The output gap is defined as the percentage deviation-of actual GDP

from the HP-filtered trend.

fp=

Percent (%)
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Figure 1: Stylized fact: Inflation-output gap disconnect in China.

Figure 1 illustrates the weak and unstable relationship between inflation and the output gap
in China. While inflation shows pronounced swings in the 1990s and early 2000s, the output
gap remains relatively muted, and the two series often diverge in recent decades. This stylized

fact motivates our re-examination of the Phillips Curve mechanism.

In addition to these core variables, we construct two external controls. First, oil price
shocks are measured using Brent crude oil prices (FRED), deflated by U.S. CPI to obtain a real
oil price series. We aggregate the monthly data to quarterly averages and define the shock as

the log quarterly change. Second, exchange rate shocks are based on the USD/CNY nominal
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exchange rate (FRED, daily), averaged to quarterly frequency, with the shock defined as the

log quarterly change.

Finally, inflation expectations are proxied using three complementary sources: professional
forecasts from the IMF World Economic Outlook (WEQO), the diffusion index of expected prod-
uct prices from the PBoC’s enterprise survey, and the diffusion index of expected consumer,
prices from the PBoC’s household survey. In the next subsection, we detail how these series

are combined into a latent inflation expectation index.

3.2 Inflation Expectation Proxy: Construction and Stylized Patterns

Method. To measure expected inflation in China, we combine three complementary sources:
(i) professional forecasts from the IMF World Economic Outlook (WEO), originally available
at annual frequency but interpolated to quarterly using a state-space smoothing procedure, (ii)
the household diffusion index of expected consumer prices; and (iii) the enterprise diffusion in-
dex of expected product prices. All seriés«afe mappedté quarterly frequency and standardized
(z-score). We then estimate a one-factor DynaNotor Model (DFM) with scalar idiosyn-
cratic variances to extract the commeon component. Finally, we linearly rescale the factor to
inflation units by matching the factor’s standardized average to the level of WEO forecasts over

the overlap sample. The resulting series is our latent inflation expectation.

Main patterns... Figure 2 shows that the latent index (i) smooths the high-frequency noise in
individual series while preserving turning points, (ii) tracks professional forecasts more closely
in the 1990s but aligns increasingly with survey perceptions thereafter, and (iii) sits between the
household and enterprise measures when they diverge, providing an aggregated, theoretically
grounded proxy for expected inflation. We use this latent series as the benchmark expectation

term in the extended NKPC estimations below.
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Figure 2: Latent inflation expectation (rescaled DFM factor) versus components

3.3 Text Feature

We construct a set of quarterly text-based indices from the " PBoC Monetary Policy Reports
to quantify the central bank’s communication along different.dimensions. Our approach is
motivated by the growing literature that employs textual analysis to measure monetary policy
stance and guidance (e.g., Hansen & McMahon (2016); Shapiro et al. (2022); Bholat et al.
(2015)). In particular, we focus on‘four dimensions that capture distinct facets of central bank

communication:

* Aggregate Policy Stance Index (APSI): captures the overall hawkish or dovish tone
when the report /discusses.aggregate monetary policy, following the idea that the policy

stance embedded in narrative text can shift public expectations.

* Forward-Looking Guidance Indices (FLGI): consist of both the strength of forward
guidance (the share-of sentences with explicit forward-looking content) and the direction
of such guidance (the weighted stance of forward-looking statements). These indices
are motivated by the literature emphasizing the role of forward guidance in anchoring

expectations (Campbell et al. (2012); Del Negro et al. (2023)).

«_Structural Policy Focus Index (SPFI): measures the relative attention given to structural
or sectoral policies (e.g., credit support to SMEs, green finance, or real estate). This

reflects the increasing importance of targeted policies in China’s monetary framework.



* Financial Stability Concern Index (FSCI): averages the reported level of concern over
systemic risk, asset bubbles, or macroprudential issues. This dimension draws on recent
work linking central bank communication about risks with market perceptions of uncer-

tainty (Born et al. (2014)).

A key methodological innovation of this paper is the use of a large language model (LLM,
implemented here with gpt -5-mini) for large-scale text mining. Our corpus spans 2001Q1
to 2025Q2 and contains 67,437 sentences from the PBoC Monetary Policy.Reports,a'scale that
renders manual coding practically impossible. The LLLM-based approach  allows us to handle
this volume of text consistently and reproducibly. All LLM calls were executed.in a deter-
ministic setup (temperature = 0), ensuring consistency and reproducibility-of the sentence-level
classifications across the entire corpus. Moreover, our design feeds information at the sen-
tence level, which eliminates the risk of contextual leakage: the model classifies each sentence
without access to surrounding passages or contemporaneous data, and thus cannot implicitly
condition on knowledge of the broader economic environment. This feature reduces the poten-
tial biases that might arise if human experts, aware of .the historical context, let prior beliefs
or hindsight influence their classification. Finally; compared with traditional bag-of-words or
topic models, which face well-known difficulties in processing Chinese text due to segmenta-
tion ambiguity and weaker sentiment lexicons, the LLM approach can capture semantic nuance
and institutional jargon more effectively. In-this way, the LLM offers both scalability and im-

partiality that are difficult to-achieve through conventional text-mining techniques.

Our contribution relative to the existing literature is therefore twofold. On the substantive
side, we introduce a new set of indices that jointly cover stance, forward guidance, structural
orientation, and financial stability concerns from the PBoC’s official reports. On the method-
ological side, we demonstrate the feasibility and advantages of applying LLM-based labeling
to central bank text, highlighting how this approach can extend beyond standard sentiment

analysis‘toward multidimensional policy indicators.

Figure 3 shows that the five communication indices exhibit heterogeneous dynamics. The
APSI displays a gradual upward drift, with notable reversals around the 2007-2008 global

financial crisis and the 2010-2011 inflationary episode, consistent with shifts between hawk-



ish and dovish aggregate policy tones. The FLGI_strength rises steadily across the sample,
highlighting the increasing use of forward-looking language in PBoC reports. By contrast, the
FLGI_direction is highly volatile, alternating between dovish and hawkish signals in line y@
cyclical macroeconomic conditions, even though the smoothed trend tilts upward. The SPFI
shows a clear and persistent upward trend, underscoring the growing emphasis on structural and
targeted policy objectives since the early 2010s. Finally, the FSCI exhibits episodic peaks—
notably during 2007-2009, 2015-2017, and 2020-2022—corresponding to_periods of elevated
systemic risk. Since 2022, however, the index has declined, in line with €asing inflation expec-

tations and a reduced emphasis on financial stability concerns.

Robustness Check: Consistency of LLM-based Coding

A potential concern with LLM-based text mining iS*whether the resulting indices are stable
across repeated runs of the same model, given that large language models may exhibit stochastic
variation. To address this, we re-processed.the PBoC Monetary Policy Reports for the year 2001
using identical prompts and parameter settings with gpt-5-mini, and compared the newly

generated indices with those from our main run.

At the quarterly index level, the agreement is very high. The correlations across the two
runs are 0.90 for APSI, 0.97 for FLGI __strength, 0.81 for SPFI, and 0.95 for FSCI. The only di-
mension with somewhat lower correlation 1s FLGI_direction (0.74), which is expected because
this index is a weighted stance measure and therefore more sensitive to small differences at the

sentence level. On average, the mean absolute deviations across indices remain below 0.20.

At the sentence level, where 320 overlapping sentences were double-coded, consistency is
also high. The, classification matches 87% of the time for time_orientation, 89% for
p&ﬂ}y_sl%, and 92% for policy_stance. The correlation in stance values is 0.72,
with a mean.absolute difference of 0.08. For financial stability concerns, the correlation is 0.74

with. a mean-absolute difference of 0.34 on a 0-3 scale.

Overall, these results suggest that the indices constructed with gpt-5-mini are highly

reproducible. While some variation exists at the margin—particularly for forward guidance
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direction—the aggregate indices are remarkably robust across repeated runs. This reassures us
that the findings reported below are not artifacts of model randomness but reflect stable features

of the underlying text.

4 The New Keynesian Phillips Curve in China

We now turn to estimating the slope of the New Keynesian Phillips Curve (NKPC)for China.
Existing studies often document weak or unstable Phillips curve coefficients when-using simple
output gap measures, suggesting that the forward-looking NKPC alone provides an.incomplete
description of China’s inflation dynamics. Consistent with'this evidence, our baseline regres-
sions indicate that a purely forward-looking specification.yields{ifhiprecisé' and time-unstable
coefficients. We therefore adopt a hybrid (indexation) NKPC, which nests both forward- and
backward-looking terms, and evaluate the role of .expectations-using survey-based and latent

proxies.

4.1 Empirical Specification and Estimation
Our benchmark specification s the hybrid NKPC:
= BT + Y o1 Ky + 216 + e, (1)

where 71; denotes quarterly CPI'inflation, y; is the output gap (HP-filtered real GDP), and z;
collects ¢ost-push controls (real oil price growth and the USD/CNY depreciation rate). Expec-
tations [E;7t; 11 are proxied by a latent factor extracted from three sources (professional fore-
casts, household diffusion index, and enterprise diffusion index), as discussed in Section 3.2.
The forward- and backward-looking weights, « and y, capture the importance of expectations

versus inertia in driving inflation dynamics, while x measures the slope of the Phillips curve.
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Estimation.

and th output gap. We us lagged values as instrurments: &b

4.2 Main Estlmatloiz

Table 1 reports the IV estim. f the hybrid NKPC. In the full sample (2001Q1-
2024Q?2), the ex c ter ositively and is highly significant (& = 0.136, s.e. =
0.028), undersc the c role of expectations in shaping Chinese inflation dynamics.

Lagged &)n has a p 31 \Y 31gn (0.220, s.e. = 0.134) but is imprecisely estimated, suggest-

ing limited 1nertia pectat1ons are explicitly controlled for. The Phillips curve slope is

tatistically insignificant (kK = 0.021, s.e. = 0.058), consistent with earlier
s that

ntional output-gap measures have little predictive power for CPI inflation

while exchange rate effects remain small and indistinguishable from zero.

@Ch ng the controls, oil price shocks are robustly significant (0.011, s.e. = 0.003),

itting the sample at 2013 reveals a sharper contrast. In the earlier period, both ex-

pectations and the output gap exerted strong influence: & = 0.219 (s.e.= 0.079) and £ =
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0.295 (s.e.= 0.099), indicating that inflation was sensitive to both forward-looking beliefs
and demand pressures. In the later period, by contrast, the slope coefficient turns negative
(k = —0.073, s.e. = 0.026), while expectations remain precisely estimated (& = 0.154,
s.e.= 0.024). A simple Wald test rejects equality of the two x estimates (f ~ 3.6), whereas
the difference in « across subsamples is small and not statistically significant. This “flatten~
ing of the Phillips curve alongside stable expectations” suggests that demand-driven inflation

dynamics have weakened, while expectations continue to anchor price setting.

Taken together, the subsample results point to a structural change: before 2013;-inflation
displayed a “dual engine” structure—driven by both expectations and demand——whereas after-
wards, demand effects vanish and inflation dynamics become expectation-dominated. We next
examine rolling window estimates to trace this transition more‘finely over time and to assess

whether the subsample contrast reflects a gradual flattening or a sharper structural break.

Table 1: Hybrid NKPC Estimates for.China (IV-GMM, robust SEs)

Full sample (2001Q1-2021Q4) Pre-2013 Post-2013
Output gap (k) 0.0206 0.2945%** -0.0728***
(0.0579) (0.0994) (0.0263)
Expected inflation («) 0.1356** 0.2195*** 0.1538***
(0.0282) (0.0786) (0.0240)
Lagged inflation (7y) 0.2200 -0.1602 0.0650
(0.1342) (0.2992) (0.1360)
Oil shock 0.0107*** 0.0144** 0.0060
(0.0034) (0.0033) (0.0038)
FX shock 0.0085 -0.0525 0.0174
(0.0281) (0.1476) (0.0235)
Constant - - _
Observations 98 48 50
R? 0.658 0.784 0.516
Estimator IV-GMM IV-GMM IV-GMM
Covariance Robust (HAC) Robust (HAC) Robust (HAC)

Notes: Standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. The dependent variable is quarterly
CPI inflation. Instruments: {71;_p, 7T¢_3, Yt—1, Yt—2 }-
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4.3 Extention: Rolling Estimates

To further examine the stability of the NKPC, we estimate the hybrid specification in rolling
60-quarter windows (Figures 4a—4c). The rolling trajectories provide a complementary, more

continuous view of the dynamics already suggested by the subsample regressions

The slope coefficient k exhibits a clear time profile. In early windows, confidence intervals
lie well above zero, implying that demand conditions exerted a positive and significant effect
on inflation. After 2012, however, the rolling estimates collapse and oscillate around zero,
with intervals frequently dipping into negative territory. This mirrors the post-2013 subsample
evidence of a flattened or even inverted Phillips curve. By contrast, the forward-looking weight
A remains positive and stable throughout, with confidence bands rarely oyerlapping zero. The
backward-looking weight A, while sizeable in the early 2000s, steadily declines towards zero

and loses significance, consistent with the idea that hominal inertia has weakened over time.

Why has this structural shift occurred? We highlight-three.complementary explanations.
First, measurement error in the output ‘gap may have‘become more pronounced over time:
slowing potential growth, structural rebalancing, and capacity adjustment after 2013 mean that
HP-filtered gaps increasingly misrepresent ‘“‘effective slack,” possibly misattributing cost—price
dynamics to demand, and thereby yielding negative x in linear regressions. Second, cost-push
forces have gained importance: oil price'shoeks are consistently significant, while the CPI bas-
ket has become more sensitive to food, énergy, and regulated prices; if cost shocks dominate
while demand fluctuations converge, the estimated Phillips slope naturally flattens. Third, ex-
pectation management and policy frameworks have strengthened: both subsample and rolling
results show a more W M alongside an insignificant Aj, consistent with stronger anchor-
ing of expectations and diminished nominal inertia. Together these factors reduce the persistent
effect'of demand shocks, making the Phillips curve appear flatter or even countercyclical at ob-

servable business-cycle frequencies.

From both identification and policy perspectives, these findings are notable. On the iden-
tification side, our first-stage diagnostics indicate strong instruments across windows and sub-

samples, ruling out weak-I'V concerns. On the policy side, a natural interpretation is that in the
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later period, conventional demand management has lost traction in steering CPI. Instead, stabi-
lizing and guiding inflation expectations (via communication frameworks and credible targets)
and managing cost-push pressures (energy, food, key imports) have become more direct.and

effective levers for influencing the short-run inflation path.

4.4 Robustness Analysis

We conduct a series of robustness checks to verify that the main findings are not artifacts of
a particular sample, specification, or instrument set. Table 2 summarizes the preferred results,

focusing on minimal IV sets with kernel-HAC standard errors:

Table 2: Robustness checks of NKPC estimates (preferred.specifications)

Spec  Sample & A R N p(])
FL Full (2001Q1-2024Q2) 0.413 (0.059) —= -0.024 (0.049) 98 0.800
HY  Full (2001Q1-2024Q2) -0.356 (05}@ -0.599 (1.265) 0.064 (0.078) 98 0.331
FL Pre-2013 0.248 (0.108) ~— 0.224 (0.050) 48 0.905
HY  Pre-2013 0.656.(0.162) -0.529(0.332) :0.005 (0.074) 48 0.365
FL Post-2013 0.363 (0.108) — -0.071 (0.021) 50 0.070
HY  Post-2013 0.689:(0.309) -0.804 (0.352) -0.165(0.043) 50 0.372

Notes: FL = forward-looking NKPC (4. =.0); HY.= hybrid NKPC. Reported coefficients with HAC (Bartlett,
bw=4) standard errors in parentheses. I\ is the number of observations. p(J) reports Hansen’s J-test p-value.

Three key observations emerge.

First, expectations remain the dominant driver. Across all subsamples and specifica-
tions, the forward-looking coefficient « is consistently positive and typically significant (rang-
ing between 0.25 and 0.70). This confirms that expectations are a robust determinant of Chinese

inflation dynamics, regardless of instrument choice or covariance estimation.

Second; output-gap sensitivity is sample-dependent. Before 2013, x is positive and sig-
nificant in the forward-looking specification (0.22, s.e. = 0.05), indicating that demand pres-
sures played a material role in inflation. After 2013, however, x turns negative and statistically

significant in both FL and HY regressions, consistent with a flattened or even inverted Phillips
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curve.

Third, hybrid specifications are less stable. In full-sample estimates, HY regressions
yield imprecise coefficients for both a and 7y, reflecting sensitivity to instrument sets and pos-
sible multicollinearity. Nonetheless, the forward-looking component a remains positive and
comparable in magnitude to FL results, reinforcing the conclusion that expectations’dominate

inertia in shaping inflation dynamics.

Overall, these robustness exercises strengthen our baseline conclusion; inflation in China
was jointly driven by expectations and demand pressures before 2013, but-since then the
Phillips curve has flattened, leaving expectations and cost-push shocks as the primary chan-

nels of inflation dynamics.

S Inflation Expectation Driven-Factors

We next turn to the drivers of inflation expectations. Using the latent index derived from pro-
fessional forecasts, household surveys, and enterprise surveys, we examine how central bank

communication helps shape and ancher expectations.

5.1 Communication Indices and Inflation Expectations

We begin by examining whether central bank communication helps to explain movements in
inflation expectations. Let Exp; denote the latent index of inflation expectations, constructed
from professional forecasts, household surveys, and enterprise surveys. We consider the fol-

lowing baseline regression specification:
Exp: = &'+ B1APSI; + BoFLGL"™™ 4 B3 FLGIf™cto" | B, SPFI, + BsFSCI; + ¢, (2)

where the coefficients B; capture the contemporaneous association between each communica-

tion dimension and inflation expectations.
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We first estimate equation (2) in levels using OLS with heteroskedasticity- and autocorrelation-
robust (HAC) standard errors. To address potential non-stationarity, we also conduct unit-root
and cointegration tests. When cointegration is present, we employ the Engle-Granger two-step
approach to estimate long-run relationships and corresponding error-correction models (ECM).
Finally, we extend the analysis with dynamic specifications that include lags of both.Exp; and

the communication indices, allowing us to assess predictive content.

Table 3: Pairwise correlation matrix (levels)

Exp APSI  FLGI _strength FLGI_direction", SPFI _FSCI

Exp 1.000 -0.498 -0.522 -0.419 -0.149 0.389
APSI -0.498 1.000 0.321 0.803 0271 +-0.050
FLGI strength  -0.522 0.321 1.000 0.353 0.495 -0.195
FLGI_direction -0.419 0.803 0.353 1.000 0.216 -0.189
SPFI -0.149  0.271 0.495 0.216 1.000 0.212
FSCI 0.389 -0.050 -0.195 -0.189 0.212  1.000

Notes: Pearson correlations in levels over 2001Q1-2025Q2. Exp denotes.the latent inflation-expectation index
(exp_filtered). Bold highlights Corr(Exp, ).

Table 3 shows that APSI and FLGI_strength are Stfongly negatively correlated with infla-
tion expectations (both around —0:5); while FSCI is moderately positively correlated (0.39).
FLGI_direction also displays a negative link(—~0.42), whereas SPFI is weak. These patterns
suggest that communication tone and stability concerns are systematically related to expecta-
tions. To assess the independent contribution of each index beyond simple correlations, we

next turn to multivariate regressions with HAC standard errors.

Table 4 summarizes the baseline regressions. In the single-index specifications (columns
1-5), APSI, FLGI_strength, and FLGI_direction all enter with significant negative coefficients,
while FSCI enters significantly positive; SPFI is weak and not statistically different from zero.
When all indices .are included simultaneously (column 6), APSI and FLGI_strength remain
robustly negative.and FSCI remains positive, whereas FLGI_direction and SPFI lose signifi-
cance dlieffo’eollinearity. Overall, the communication indices together explain about half of the

variation in expectations (R? ~ 0.50).

While informative, these OLS regressions may be sensitive to persistence in the underlying

series. To examine whether the relationships reflect a stable long-run equilibrium rather than
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spurious correlation, we next test for cointegration and estimate an error-correction specifica-

tion (Table 5).

Table 5 presents the cointegration and ECM results. The long-run regression ind'(&z@
that APST and FLGI_strength exert significant negative effects, while FSCI enters positively,
consistent with the baseline OLS. Importantly, the residuals are stationary, confirming a stable

cointegrating relation between expectations and communication indices.

Table 4: Inflation expectations regressed on communication indices (OLS with HAC)

(1) APSI  (2) FLGI_str (3) FLGI_dir (4) FSCL "(5) SPFI'. (6) All'indices
APSI -0.498*** <0.521***
(0.127) (0.154)
FLGI_strength -0.522%** -0.405%**
(0.128) (0.101)
FLGI_direction -0.419*** 0.179
(0.117) (0.123)
FSCI 0.389%** 0.298***
(0.143) (0.107)
SPFI -0.149 0.091
(0.190) (0.104)
Observations 98 98 98 98 98 98
R? 0.248 0.272 0176 0.151 0.022 0.498

Notes: Dependent variable is standardized-latent inflation expectations (exp_filtered_z). Columns (1)—(5)
report single-index OLS with HAC robust'SE (maxlags=4); with standardized variables, coefficients coincide
with pairwise correlations, so R?'a¢ Corr?. Colamn (6) includes all indices simultaneously (HAC SE). Stars
denote 1% (***), 5% (**), and.10% (*).

Table 5: Long-run cointegration and short-run adjustment (Engle—-Granger + ECM)

Long-run OLS (levels) Error-correction model (ECM)

-1.918*** (0.475) -
-12.603*** (2.821) dL2: 4.320** (1.906); dL.3: 3.547** (1.783)
0.549 (0.398) not significant

APSI
FLGI _strength
FLEGI_direction

FSCI 3.761*** (0.888) dL1: -1.224** (0.477)
ECM(-1) - -0.214*** (0.038)
Observations 98 93

R? 0.49 0.45

Notes: Left panel reports the long-run cointegration regression; residuals reject unit root (ADF p < 0.001).
Right panel reports the short-run ECM with 4 lags of differences and the lagged error-correction term. HAC
robust'SE in parentheses. Stars denote 1% (***), 5% (**), and 10% (*).
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The ECM shows that short-run adjustments are also meaningful. Changes in FLGI_strength
(lags 2-3) raise expectations, while higher FSCI (lag 1) temporarily lowers them. The error-
correction term is negative and significant (—0.21), implying that deviations from the long-run
equilibrium are corrected at about 20% per quarter. This supports the view that communication

indices shape both the level and the adjustment dynamics of expectations.

Table 6: Granger causality tests: do communication indices predict inflation expectations?

Lag1 Lag?2 Lag3 Lag4

APSI 0.0005***  0.008*** 0.003*** 0.002***
FLGI_strength 0.130 0.206 0.178 0.010**
FLGI_direction 0.0002***  0.007*** 0.008***_ +0.021**
SPFI 0.192 0.314 0.172 0.108
FSCI 0.227 0.565 0.606 0.563

Notes: Entries are p-values from Granger causality tests of whether lagged values/of each/index jointly predict
inflation expectations (up to the specified horizon). Stars denote 1% (***), 5% (**); and 10% (*).

Table 6 investigates whether communication indices help forecast expectations. APSI and
FLGI_direction consistently Granger-cause expectations.across multiple lags, underscoring the
predictive content of aggregate stance and forward-looking direction. By contrast, FSCI and
SPFI do not show predictive power-onece expectations™own persistence is accounted for. Taken
together, these results highlight that'communication matters not only contemporaneously but

also in shaping agents’ forward-looking beliefs.

5.2 Anchoring of Expectations

To examine whether central‘bank communication contributes to the anchoring of inflation ex-
pectations, we construct a deviation measure relative to the long-run trend. Specifically, we
extract the smooth trend component of the latent expectation index (exp_t) using the Hodrick—

Prescott filter with A = 1600 for quarterly data. The anchoring gap is then defined as

gapy = expy — trend,,
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and we consider both the absolute deviation (| gapt|) and its square (gap%) as dependent vari-
ables. Smaller values indicate that expectations lie closer to their long-run trend and are thus

better anchored.

We regress these measures on the four communication indices—APSI, FLGI «strength,

FLGI_direction, SPFI, and FSCI—using OLS with HAC-robust standard errors:

gap\™ = a+ By APSI, + BoFLGI_strength; + BsFLGI_direction; + B{SPFT, + BsFSCl{ + ¢,

where gapgm) denotes either |gap;| or gap?.

Table 7: Anchoring regressions: deviations from:HP-trend

2

|gap| gap
APSI 0.041 (0.291) 0.281+(0.544)
FLGI_strength -2.996%* (1.364). -4.345%*% (2.163)
FLGI_direction -0.022 (0.144) -0.011,(0.177)
SPFI -2.712%%% 90.967)  -4.487%* (2.194)
FSCI 0.980** (0.438) 1.677** (0.827)
Observations 98 98
R? 0.255 0.168

Notes: Dependent variables are the absolute.(|¢ap|) and'squared (gap?) deviations of the expectation index from
its HP-filtered trend (A = 1600). OLS«with HAC-robust standard errors (maxlags=4). Standard errors in
parentheses. ** p < 0.05, *** p < 0.01.

Table 7 reports the results. Tworindices emerge as significant stabilizers: forward-looking
guidance strength (FLGI_strength) and structural policy focus (SPFI) both enter with nega-
tive and significant coefficients, indicating that stronger forward-looking communication and
emphasis on structural objectives help anchor expectations. By contrast, financial stability con-
cerns (FSCI) exhibit positive and significant coefficients, suggesting that heightened stability
discussions are associated with larger deviations from the trend, i.e. weaker anchoring. APSI

and FLGI direction do not significantly affect anchoring in these regressions.
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5.3 Discussion: Level vs. Anchoring Effects

The empirical results can be organized into a simple framework distinguishing between level

effects and anchoring effects of central bank communication.

Level effects refer to shifts in the mean level of inflation expectations. Our regressions
on the expectation index itself show that the Aggregate Policy Stance (APSI)and Forward-
Looking Guidance strength (FLGI_strength) both enter with significantly negative coefficients,
while Financial Stability Concerns (FSCI) enters positively. [This pattérn Suggests-that“fhore
dovish aggregate stances or stronger forward guidance tend to reduce-inflation expectations,
whereas heightened stability discussions are associated with higher expectations. In other

words, communication shapes the direction of expectations in the shoft run

Anchoring effects, by contrast, capture whether. expectations femain close to their long-
run trend. Using the HP-filter-based deviation measures, we find. that FLGI_strength and the
Structural Policy Focus (SPFI) significantly reduce deviations, thereby reinforcing anchoring.
By contrast, FSCI again works in the opposite direction, with stability-related concerns be-
ing associated with larger gaps and weaker anchoring. The aggregate stance (APSI) and the

directional component of guidance (FLGI_direction) do not show robust anchoring effects.

Taken together, this framework highlights two distinct channels. Some communication
dimensions primarily influence the level of expectations, while others are more relevant for
anchoring around the long-run‘path. The dual perspective provides a richer interpretation of
the role of central"bank communication: it not only repositions expectations in the short run but

also determines whether those expectations remain stably anchored over time.

6 Conclusion

This'paper documents a structural transformation in China’s Phillips curve dynamics. Whereas
inflation was once responsive to both expectations and demand pressures, since 2013 the sensi-

tivity to demand has largely disappeared, and expectations have emerged as the principal driver
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of price-setting behavior. This flattening, and in some instances inversion, of the Phillips curve
highlights the limitations of conventional output-gap-based models for understanding Chinese

inflation.

Our analysis shows that central bank communication plays a systematic role in shaping ex-
pectations. Different dimensions of communication affect expectations in distinct ways: aggre-
gate stance and forward-looking guidance shift the level of expectations, while forward-looking
guidance strength and structural focus contribute to their anchoring. In contrast; concerns about
financial stability, while important in their own right, tend to raise expectations and weaken an-

choring.

From a policy perspective, these findings suggest that managing expectations through trans-
parent and credible communication may be more effective than relying on traditional demand
management tools to stabilize inflation. The People’s-Bank of China’s growing use of forward-
looking and structural policy language appears.to‘have‘enhanced the anchoring of expectations,
even as the Phillips curve has flattened. At the same_time, heightened emphasis on financial
stability can introduce volatility in expectations, underscoring the trade-offs in communication

design.

Overall, the results call for‘a reevaluation.of ' monetary policy frameworks in economies
facing similar structural shifts. In particular, strengthening the credibility and consistency of
communication can provide a powerful complement to interest rate policy, ensuring that expec-
tations remain well anchored and.inflation dynamics are stable in the face of evolving macroe-

conomic challenges.
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