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Abstract 

This paper evaluates the effectiveness of a Domestic Cyclical Systemic Risk Indicator (d-SRI) for 

Jamaica in detecting emerging cyclical financial vulnerabilities. Constructed as a forward-

looking composite measure, the d-SRI aggregates key macro-financial indicators—including bank 

credit to GDP, real total credit, and the external position—using penalized logistic regression-

based weights designed to improve early warning performance. Using unbalanced quarterly data 

spanning 1996Q1–2025Q4, the results demonstrate that the baseline d-SRI provides strong 

discrimination of pre-stress periods, with out-of-sample AUROC values approaching 0.99 and low 

Brier scores that indicate accurate and well-calibrated probabilities under real-time expanding-

window evaluation. Local projections show that a one-standard-deviation increase in the baseline 

d-SRI predicts medium-term declines in real GDP growth after a short-lived expansion on

average. The peak decline of approximately 2.5 percentage points below the baseline occurs after

five quarters, consistent with a tightening of financial conditions before stress events. State-

dependent local projections further reveal that the short to medium term effects are more adverse

when the economy is below potential, suggesting heightened downside risks during periods of

rising systemic vulnerabilities. Overall, the findings indicate that the d-SRI is a valuable addition

to Jamaica’s financial stability toolkit, offering timely signals that can support pre-emptive and

countercyclical macroprudential policy interventions.

JEL Classification Numbers: G01, G17, C22 

Keywords: financial sector crises, systemic risk indicator, economic growth, local 
projections. 

Author’s Email Address: romario.cameron@boj.org.jm 

I gratefully acknowledge the insightful feedback received from participants at the Bank of Jamaica Research Seminar and the Western Economics 

Conference at the University of the West Indies. I also extend sincere thanks to Dr Andre Murray, Ms Justine Cork and Ms Sherene Bailey whose 

contributions and suggestions significantly enhanced the development of this paper. Any remaining errors or omissions are solely my responsibility.

BOJ Working Papers describe research in progress by the author(s) and are published to 

elicit comments and to encourage debate. The views expressed in BOJ Working Papers are those 

of the author(s) and do not necessarily represent the views of the BOJ, its Executive Board, or BOJ 

management.   

file:///C:/Users/JustineC/AppData/Local/Microsoft/Windows/INetCache/Content.Outlook/EPGZINKL/romario.cameron@boj.org.jm


i 

 

Table of Contents 

1 Introduction ........................................................................................................................... 3 

2 Literature Review ................................................................................................................. 4 

3 Methodology .......................................................................................................................... 7 

3.1 Data ................................................................................................................................ 7 

3.2 Baseline d-SRI Composition ........................................................................................ 9 

3.3 The Baseline d-SRI as a predictor of Vulnerability ................................................. 12 

3.3.1 In-sample evaluation and a policy-relevant fixed threshold ........................... 13 

3.3.2 Real-time out-of-sample evaluation with expanding windows and optimal 

thresholds ............................................................................................................................. 14 

4 Results .................................................................................................................................. 14 

4.1 Baseline d-SRI ............................................................................................................. 14 

4.2 Evaluation of the Baseline d-SRI’s ability to predict Vulnerability ...................... 16 

5 Robustness Tests ................................................................................................................. 17 

5.1 Potential Property Price Overvaluation Cyclical Systemic Risk ............................ 17 

5.1.1 Residential Real Estate Price to Household Income Proxy ............................. 17 

5.1.2 d-SRI Including the RRE Price to Income Proxy ............................................ 18 

5.2 Comparing the d-SRIs’ Predictive Performance to the Real-time Total Credit-to-

GDP Gap .................................................................................................................................. 19 

6 Policy Considerations ......................................................................................................... 20 

6.1 Effects of Systemic Risk on Real GDP Growth and other Macroeconomic 

Outcomes ................................................................................................................................. 20 

6.1.1 Real GDP Growth ............................................................................................... 20 

6.1.2 Other Macroeconomic Outcomes ...................................................................... 21 

6.2 State-dependent Effects of Systemic Risk on Real GDP Growth ........................... 24 

6.3 Implications for Policy Design ................................................................................... 26 

7 Limitations ........................................................................................................................... 26 

8 Conclusion ........................................................................................................................... 27 

9 References ............................................................................................................................ 28 

10 Appendix I ........................................................................................................................... 33 

11 Appendix II .......................................................................................................................... 42 

12 Appendix III ........................................................................................................................ 45 

 

 



ii 

 

Tables 
Table 1: Weights of the baseline d-SRI Components .............................................................. 15 
 

Table A 1: Data Description and Coverage .............................................................................. 33 
Table A 2: Descriptive Statistics of Indicators ......................................................................... 34 
Table A 3: Definition and Interpretation of Classification Metrics ....................................... 36 
Table A 4: Standard Classification Metrics for Baseline d-SRI ............................................. 36 
Table A 5: Brier Score for the Baseline d-SRI ......................................................................... 37 
Table A 6: Area Under the Receiver Operating Characteristics Curve for the Baseline d-SRI

....................................................................................................................................................... 37 
Table A 7: Weights of d-SRI incl. RRE Price to Income Proxy ............................................. 38 
Table A 8: Standard Classification Metrics for Cyclical Risk Indicators ............................. 38 
Table A 9: Brier Score for Cyclical Risk Indicators ................................................................ 39 
Table A 10: Area Under the Receiver Operating Characteristics Curve for Cyclical Risk 

Indicators ..................................................................................................................................... 39 
 

Figures 
Figure 1: Baseline Domestic Cyclical Systemic Risk Indicator .............................................. 15 
Figure 2: Local Projection – Bank Credit Growth, Employed Labour Force, NPL Ratio, 

Return on Assets and Inflation Responses to a One-standard-deviation Baseline d-SRI 

Impulse ......................................................................................................................................... 23 
Figure 3: State-dependent Local Projection - Real GDP Growth Response to a One-

standard-deviation Baseline d-SRI Impulse ............................................................................. 25 
 

Figure A 1: Bank Credit to GDP ............................................................................................... 35 
Figure A 2: Real Total Credit .................................................................................................... 35 
Figure A 3: Real Equity Prices .................................................................................................. 35 
Figure A 4: Current Account Balance to GDP ........................................................................ 35 
Figure A 5: Residential Real Estate Price to Household Income Proxy ................................ 35 
Figure A 6: Non-Performing Loans to Total Loans ................................................................ 35 
Figure A 7: Year-over-year Real GDP Growth ....................................................................... 36 
Figure A 8: Quarterly Median Residential Real Estate Price: Dec 2003 to Dec 2024 .......... 37 
Figure A 9: Domestic Cyclical Systemic Risk Indicator including RRE Price to Income Proxy

....................................................................................................................................................... 38 
Figure A 10: Local Projection - Real GDP Growth Response to a One-standard-deviation 

Baseline d-SRI Impulse .............................................................................................................. 40 
Figure A 11: Local Projection – Domestic and Foreign Currency Lending Rates, Foreign 

Exchange Rate and Gross International Reserves Responses to a One-standard-deviation 

Baseline d-SRI Impulse .............................................................................................................. 40 
Figure A 12: Local Projection: Real GDP Growth Response to a One-standard-deviation d-

SRI incl. RRE Price to Income Proxy ....................................................................................... 41 
Figure A 13: State-dependent Location Projection: Real GDP Growth Response to a One-

standard-deviation d-SRI incl. RRE Price to Income Proxy .................................................. 41 
 



3 

 

1 Introduction 
Prior to the Global Financial Crisis of 2007-09 (GFC), researchers posited that the output losses 

from banking sector crises within emerging markets and developing economies (EMDEs) were at 

least as large in comparison with advanced economies.1 Jamaica, for example, incurred output 

losses estimated at 37.8 per cent of trend real gross domestic product (GDP) due to its 1996-98 

financial sector crisis. A major destabilizing impact of this financial sector crisis on the Jamaican 

financial sector was the deterioration of asset quality. Significantly, non-performing loans (NPLs) 

spiked to 28.9 per cent of total loans. The creation of the Financial Sector Adjustment Company 

(FINSAC) by the government in 1997 played the main role in providing liquidity support to 

financial institutions. The total liquidity support to the financial sector was approximately 43.9 per 

cent of GDP. This is consistent with the typical pattern in low- and middle-income countries, which 

tend to rely on liquidity support for longer periods compared to high-income countries.2 

Since the GFC, the share of scientific research on systemic risk for EMDEs has grown.3 Notably, 

the expansion of scientific research on systemic risk coincides with EMDEs policymakers’ 

increased attention to the field, given the increased frequency and severity of banking sector crises 

within the group. Therefore, it is important to complement the analytical tools used to provide 

early warning signals of stress within the financial system. Specifically, the continuous 

development of early warning systems (EWSs) will aid policymakers in lessening the severe 

impacts of potential financial system crises on financial system stability, while safeguarding the 

real economy from its negative spillover effects. 

This paper develops a domestic cyclical systemic risk indicator (d-SRI) for Jamaica by utilizing 

an adapted version of the methodology applied in Lang et al. 2019, which aggregates selected 

indicators from relevant risk categories, such as bank credit-to-GDP and real total credit, using 

weights derived from a penalized logistic regression on a pre-stress (vulnerability) indicator. Using 

unbalanced quarterly data from 1996Q1 to 2025Q4, results show that the d-SRI can identify key 

episodes of heightened stress. Local projection impulse response functions (LPIRFs) show that the 

d-SRI contains predictive information for future declines in real GDP growth on average. The 

 
1 For example, see Goldstein and Turner 1996 and Honohan 1997. 
2 Laeven and Valencia 2018. 
3 See Stolbov and Shchepeleva 2024 for the drivers of research on systemic risk. The authors noted that major AEs contributed most 

to the expansion of the stock of publications on systemic risk between 2007 and 2021. 
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baseline d-SRI predicted a significant peak decline in real GDP growth of 2.5 percentage points 

below the baseline after five quarters. State‑dependent local projection impulse response functions 

further show that responses are sharper but shorter‑lived when output is below potential, whereas 

responses are delayed but more persistent when output is above potential. In this context, a d-SRI 

for Jamaica could help signal the probability and costs of financial stress build-up several quarters 

before materialization. 

The rest of the paper is organized as follows: Section 2 presents a literature review. Section 3 

details the data and methodology. Sections 4 and 5 present the main results and robustness tests. 

Sections 6 and 7 discuss policy implications and limitations. The final section concludes the paper. 

 

2 Literature Review 
Understanding the linkages between financial system stress and macroeconomic variables is 

beneficial as it aids policymakers in setting macroprudential and microprudential policies. One 

key macroeconomic variable is economic growth. The negative effect of financial system stress 

on economic growth has been well documented within the literature, where some authors found a 

more pronounced effect in EMDEs (Ahir et al. 2023). Conversely, other authors found evidence 

of a greater impact in advanced economies (Apostolakis and Papadopoulos 2019, Valerio 

Roncagliolo and Villamonte Blas 2022). However, there has been a consensus among studies on 

the need for tools to provide early warnings of financial system stress build-up (Namaki et al. 

2023). 

Macroeconomic and structural vulnerabilities in EMDEs both cause and amplify financial sector 

stress, thereby constraining economic growth. Notable examples include high public debt levels 

and pronounced susceptibility to external shocks.4, 5 Jamaica’s economic history reflects these 

dynamics, with recurrent episodes of financial system stress. The most severe occurred during the 

1990s financial sector crisis, which triggered a substantial rise in public debt, significant output 

losses, peak NPLs, and other adverse economic impacts. These effects further deepened a period 

 
4 See Ruch 2020 for a comprehensive overview of domestic and external vulnerabilities affecting EMDEs. 
5 See El-Khishin and Mohieldin 2020 for a discussion on EMDEs’ over-indebtedness and financial fragility in the presence of external 

shocks. 
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of weak macroeconomic conditions, circumstances that might have been mitigated through the 

implementation of credible early-warning tools to detect financial system stress build-up.  

Since Jamaica’s financial sector crisis, significant work has been done to develop a variety of 

EWSs for financial stress build-up within the Jamaican financial sector, with the aim of preserving 

financial system stability amidst its vulnerabilities.6 The GFC, although it began outside of 

Jamaica, resulted in a short stress period within the domestic financial sector which reflected 

Jamaica’s continued, though improved, susceptibility to external shocks. In 2010 and 2013 

Jamaica underwent the Jamaica Debt Exchange (JDX) and National Debt Exchange (NDX) to 

provide relief to fiscal accounts, respectively. Notwithstanding the policy actions taken to address 

stress periods and preserve a relatively stable financial system, Jamaica has continued to 

experience stagnant economic growth and weak macroeconomic conditions which were 

exacerbated by the deleterious impact of the coronavirus 2019 (COVID-19) pandemic. 

EWSs are analytical tools used to provide timely signals of increased financial stress that may lead 

to a financial system crisis. These indicators vary between two main approaches: univariate 

signalling (Kaminsky and Reinhart 1999) and the regression-based models (Demirgüc-Kunt and 

Detriagiache 2000, and Eichengreen and Rose 1998). Contemporary researchers have developed 

EWSs that combine aspects of these two main approaches. Lang et al. 2019, for example, first 

selected indicators based on their univariate signalling performance then combined these indicators 

through regression analysis. The authors’ approach of facilitating the multivariate nature of the d-

SRI ensures that it is broad-based, while the linear aggregation ensures that it is transparent and 

easy to communicate. 

Lang et al. 2019 developed a d-SRI for the euro area countries, Denmark, Sweden, and the United 

Kingdom to capture cyclical risks stemming from domestic credit, real estate markets, asset prices, 

and external imbalances. The authors constructed the indicator as the optimal weighted average of 

the following normalized indicators: bank credit-to-GDP change, current account balance (CAB) 

to GDP, residential real estate (RRE) price to income ratio change, real equity price growth, private 

debt service ratio change, and real total credit growth. They found that the d-SRI provides useful 

information about the probability and likely economic costs of a financial crisis many years in 

 
6 The financial sector crisis of the 1990s is the only financial system crisis that Jamaica has experienced. However, Jamaica has since 

experienced a variety of heightened financial stress periods which were due to both domestic and external developments. 
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advance. Specifically, the authors found that the d-SRI starts to increase approximately four to five 

years before systemic financial crises. Furthermore, they found that a one-standard-deviation 

increase in the d-SRI implies an average decline in real GDP growth of approximately 4 per cent 

three to four years down the line. 

The baseline d‑SRI for Jamaica captures key channels through which financial vulnerabilities 

accumulate over the business cycle and spill over to the real economy. The selection of components 

reflects both well‑established macro‑financial mechanisms and structural characteristics of 

Jamaica’s financial system. Credit developments form the core of the indicator, consistent with 

excessive credit growth being a primary driver of financial cycles and a robust early warning signal 

of systemic risk. Real total credit growth captures economy‑wide leverage dynamics, while 

changes in bank credit‑to‑GDP reflect balance‑sheet expansion and risk‑taking within the 

regulated financial sector. Together, these measures proxy for the build‑up of debt‑financed 

activity and exposure to future deleveraging pressures that often precede banking stress and output 

losses (Borio and Lowe, 2002; Jordà, Schularick, and Taylor, 2013). These dynamics are 

consistent with the financial accelerator mechanism, whereby balance‑sheet conditions and credit 

frictions amplify and propagate shocks to real economic activity through endogenous tightening 

in external financing conditions (Bernanke, Gertler, and Gilchrist, 1999).  

Asset price dynamics, captured by real equity price growth, reflect the risk‑taking and valuation 

channel of the financial cycle, whereby optimistic expectations and easing financial conditions 

amplify leverage during upswings and transmit stress through wealth and collateral effects during 

downturns (Minsky, 1986; Claessens, Kose, and Terrones, 2012). To account for Jamaica’s 

openness and historical external vulnerabilities, the baseline d-SRI includes the CAB‑to‑GDP 

ratio, capturing reliance on external financing and sensitivity to global financial shocks (Obstfeld, 

2012; Forbes et al., 2017). Taken together, these components capture the cyclical accumulation of 

vulnerabilities rather than crisis conditions themselves, yielding a parsimonious and 

policy‑relevant measure of domestic systemic risk. 

Bank of Jamaica (BOJ) currently employs a few EWSs to provide early warnings of increased 

stress within the financial system. These include: The credit-to-GDP gap (Basel Gap, created by 

Borio and Lowe 2002), the Macro-Financial Index (MaFI), the Micro-Prudential Index (MiPI), 
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and the Aggregate Financial Stability Index (AFSI).7 Borio and Lowe 2002 built on the work of 

Kaminsky and Reinhart 1999 to examine whether a boom in credit provided a useful signal of a 

looming financial crisis. Langrin 2002 used the signalling approach with macroeconomic and 

aggregated micro-prudential indicators for the MaFI and MiPI, respectively. The author’s aim was 

to determine the future state of vulnerability of the banking sector. Verlis 2010 built on the concept 

of synthetic indices to develop an AFSI for Jamaica. The author proposed the AFSI as a single 

quantitative measure which can be used to capture and forecast the stability of the financial system. 

These tools cover a wide range of risks relating to the financial, real, public, private and external 

sectors, and closely track periods of financial stress.8 Complementary to these tools, developing a 

d-SRI for Jamaica could aid in identifying periods of elevated financial system stress and 

mitigating against potential financial system crises and the associated negative impact on real 

economic outcomes.  

 

3 Methodology 
3.1 Data 
This research used unbalanced quarterly data from 1996Q1 through 2025Q4 in the composition of 

five indicators representing select risk categories, along with Deposit Taking Institutions (DTIs) 

NPLs to total loans, and year-over-year (y-o-y) real GDP growth.9 The summary statistics are 

shown in Table A 2 in Appendix I. Bank credit-to-GDP averaged 27.70 per cent with moderate 

dispersion, while real credit and equity prices were highly variable and positively skewed, 

reflecting expansion and market surges. CAB-to-GDP averaged -5.75 per cent, indicating 

persistent external imbalances. The residential real estate price to household income proxy 

averaged 1.00 (multiple).10 DTIs NPLs to total loans averaged 4.21 per cent, with noticeable 

dispersion and pronounced positive skewness, reflecting episodic spikes associated with periods 

 
7 See Borio and Lowe 2002, Langrin 2002 and Morris 2010. 
8 The AFSI is reflective of the financial sectors’ development, vulnerability, soundness, and the influence of the world’s economic 

climate. The MaFI reflects the influences of the financial sector, real sector, private sector, public sector, and external sector on bank 

soundness. The MiPI covers banking sector indicators used to indicate banking sector vulnerability. The Basel Gap measures the 

deviation of credit-to-GDP from its long-term trend and signals the extent of credit risk accumulation. 
9 The data was accessed from BOJ Internal Databases, Statistical Institute of Jamaica (STATIN), Jamaica Stock Exchange (JSE), and 

IMF Data Explorer (see Table A 1 in Appendix I for further details on data description, coverage, access and source). 
10 This indicates that, on average, residential property prices were roughly equal to the level of household income implied by the 

constructed proxy. 
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of financial stress rather than persistent deterioration.11 Real GDP growth averaged 0.85 per cent 

but was highly volatile, negatively skewed, and leptokurtic, underscoring frequent extreme 

downturns.  

Appendix I includes the figures which show how the main variables trended over the sample 

period. Figure A 1 shows that bank credit-to-GDP displayed a steady upward trend, indicating 

increasing preference for the use of credit to fund economic activities. While the data shows some 

moderation in bank credit-to-GDP during the aftermath of COVID-19 and within the period of 

escalation in geopolitical tensions, the trend over its history suggests further increases when 

macrofinancial conditions stabilize. Figure A 2 shows real total credit displayed strong growth, 

especially post-2016, which reflected credit market expansion. Figure A 3 shows real equity prices 

were highly volatile with sharp peaks and troughs, which indicated fluctuating market conditions. 

Figure A 4 shows CAB-to-GDP remained negative until 2021, which largely reflected a major 

structural adjustment program with the International Monetary Fund (IMF) to address persistent 

CAB-to-GDP deficits and government debt dynamics. Figure A 5 shows the proxy for residential 

real estate price to income ratio was relatively stable with a slight upward trend, which depicted 

gradual changes in housing affordability. Shifts in affordability appear to coincide with major 

macrofinancial events, notably the GFC, subsequent monetary easing, and a pronounced COVID-

19 shock, each contributing to phases of price adjustment and a sustained increase in property 

prices relative to household income. These characteristics underscore the importance of 

standardizing the indicators before aggregating them into a composite systemic risk indicator.  

Figure A 6 in Appendix I shows the evolution of DTIs’ NPLs relative to total loans. The ratio 

declined steadily from its 2000 peak, reflecting DTIs’ balance‑sheet strengthening during the post-

FINSAC era. However, the ratio rose sharply in 2008–2011 following the GFC and during the start 

of the major structural adjustment program with the IMF, then trended downward to multi‑year 

lows prior to the pandemic. There was a moderate uptick during COVID-19, supported by policy 

buffers that limited sharper deterioration. Since 2022, the ratio has stabilized around 2.3–2.7 per 

cent, indicating a return to pre‑pandemic credit conditions despite a marginal uptick at the end of 

the sample. 

 
11 Notably, the leptokurtic distribution indicates that extreme NPL outcomes were infrequent but severe, consistent with sharp 

balance‑sheet impairments concentrated around stress episodes rather than gradual credit quality erosion. 
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Figure A 7 in Appendix I illustrates the time series of y-o-y real GDP growth. The series shows 

sharp contractions in 2008–2011, partly driven by weak external and domestic demand conditions 

stemming from the GFC. In contrast, the COVID-19 pandemic precipitated an unprecedented 

collapse in 2020. These dynamics underscore the importance of understanding systemic risk as a 

key driver of macroeconomic instability with significant implications for the real sector. 

 

3.2 Baseline d-SRI Composition 
The baseline d-SRI for Jamaica was composed using a similar methodology for aggregating 

indicators into a composite systemic risk indicator by adapting the approach of Lang et al. 2019, 

which linearly aggregated selected indicators using regression-based weights and a vulnerability 

indicator as the dependent variable. The following steps were carried out to compute the baseline 

d-SRI:  

(i) selecting relevant indicator categories for the risks of interest,  

(ii) selecting optimal early warning indicators for each indicator category, 

(iii) normalizing optimal early warning indicators based on the median and 

Gaussian‑consistent median absolute deviation of the time series, 

(iv) calculating optimal indicator weights by using the coefficients from penalized logistic 

regression of a vulnerability indicator on the normalized early warning indicators, and 

(v) linearly aggregating the normalized early warning indicators to construct the composite 

systemic risk indicator. 

Notably, the baseline d-SRI used four of the six indicators identified by Lang et al. 2019. These 

indicators capture credit developments, external imbalances and potential risk mispricing. These 

indicator categories were also recommended by the European Systemic Risk Board (ESRB) for 

monitoring the build-up of cyclical systemic risk in the context of the counter cyclical capital 

buffer (CCyB). The indicators were transformed as follows: one-year change in bank credit-to-

GDP ratio, one-year growth of real total credit, one-year growth of real equity prices and level 

CAB-to-GDP ratio. All indicators are used in year‑over‑year or annualized form to reduce 

high‑frequency noise, align with the quarterly early‑warning horizons and ensure consistency for 

regression-based weighting. 
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The composite risk indicator is then defined by the equation:  

𝑆𝑅𝐼𝑡 = ∑ 𝜔𝑖𝑘
𝑖=1 𝑥̃𝑡

𝑖 … (1) 

where 𝑆𝑅𝐼𝑡 is the weighted average of the normalized indicators,  𝑥̃𝑡
𝑖 is the normalized indicator, 𝑡 

is the period, 𝑖 is the indicator, 𝜔𝑖 is the weight of indicator 𝑖. The normalized indicator was 

calculated as: 

𝑥̃𝑡
𝑖 = 

𝑥𝑡
𝑖− 𝑥𝑀

𝑖

𝑥𝑀𝐴𝐷𝑛
𝑖  … (2) 

where 𝑥𝑡
𝑖 is the actual value of indicator 𝑖 at time 𝑡, 𝑥𝑀

𝑖  is the median of indicator 𝑖 over the sample, 

and 𝑥𝑀𝐴𝐷𝑛
𝑖  is the Gaussian-consistent median absolute deviation of indicator 𝑖.12 The use of the 

median and Gaussian-consistent median absolute deviation of the indicator in the calculation of 

the normalized indicator is more robust to outliers compared to mean-standard deviation 

normalization.13  

The early‑warning model was estimated using Firth’s (1993) penalized logistic regression, where 

the probability of entering a vulnerability period was modelled as a nonlinear logistic function of 

a linear index of macro‑financial indicators: 

Pr(𝑉𝐼 = 1 | 𝑋𝑡)𝑡 = 
𝑒( 𝛽𝑇𝐶𝑇𝐶𝑡 + 𝛽𝐵𝐶𝐵𝐶𝑡+ 𝛽𝐸𝑃𝐸𝑃𝑡+ 𝛽𝐶𝐴𝐶𝐴𝑡)

1+ 𝑒( 𝛽𝑇𝐶𝑇𝐶𝑡 + 𝛽𝐵𝐶𝐵𝐶𝑡+ 𝛽𝐸𝑃𝐸𝑃𝑡 + 𝛽𝐶𝐴𝐶𝐴𝑡)
 … (3) 

where 𝑉𝐼𝑡 is the dependent binary variable for a vulnerability period, 𝑇𝐶𝑡 is the normalized real 

total credit growth indicator, 𝐵𝐶𝑡 is the normalized bank credit to GDP indicator, 𝐸𝑃𝑡 is the 

normalized real equity price growth indicator, 𝐶𝐴𝑡 is the normalized current account balance to 

GDP indicator, and 𝛽 are the parameter estimates. The regression was estimated with an intercept, 

but the intercept was excluded when constructing the composite indicator, so that zero reflects the 

neutral position implied by the normalized inputs and the index captures only the relative 

movements of the macro‑financial indicators. 

 
12 Normalization is performed using the median and Gaussian‑consistent median absolute deviation computed over the effective sample 

for which each d‑SRI specification is available; as a result, normalized indicators and index levels are not directly comparable across 

d‑SRI variants, while their time‑series dynamics and predictive properties remain comparable. 
13 Lang et al. 2019 chose the median and pooled standard deviation to facilitate better communication of the results and had shown 

that indicator normalization does not change the dynamics or the early warning properties of the composite indicator compared to 

using raw underlying data. 
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Parameter estimates were obtained by maximising the Firth penalized likelihood: 

𝑙∗ = 𝑙(𝛽) + 
1

2
log|𝐼(𝛽)|… (4) 

where 𝑙(𝛽) is the log-likelihood function, 𝐼(𝛽) is the Fisher information matrix and   
1

2
log|𝐼(𝛽)| 

is the penalty term which distinguishes Firth’s method from ordinary maximum likelihood. The 

maximization of equation (4) reduces small-sample bias and yields finite coefficients even under 

separation (Heinze and Schemper 2002). 

The vulnerability indicator, 𝑉𝐼𝑡 in equation (3), used in this paper is defined as the pre-stress 

window before the start of severe stress to DTIs’ balance sheet through the NPLs to total loans 

channel.14, 15  This was necessary as Jamaica has only one episode of a financial system crisis 

(1990s) and the data do not extend sufficiently prior to its occurrence. To that extent, the 

vulnerability indicator has the following features: 

• Equal to one 12 to 5 quarters (vulnerability window) before the start of severe stress to 

DTIs’ balance sheet through the NPLs to total loans channel. 

• Missing between the end of the vulnerability window and the end of the severe stress 

period. 

• Zero otherwise. 

This definition ensures a forward‑looking, data‑driven, and non‑overlapping identification of 

pre‑stress periods relevant for early‑warning modelling. 

The stress indicator used to derive the vulnerability measure is based on DTIs’ balance‑sheet 

deterioration through the NPL to total loans channel. Given that Jamaica has only one full‑fledged 

financial system crisis, stress periods are identified directly from the data using the y-o-y change 

in the quarterly NPL ratio. A severe‑stress episode is defined as a persistent period in which the y-

o-y NPL ratio change exceeds its historical expanding‑window standard deviation and terminates 

only after unambiguous evidence of deceleration and improvement in NPL ratio dynamics. The 

 
14 In Lang et al. 2019, the vulnerability indicator is defined as a pre-defined window before the start of a systemic financial crisis 

captured in the European Central Bank/European Systemic Risk Board European Union (ECB/ESRB EU) crises database. The 

benchmark window they used is 12 to 5 quarters before the start of the systemic financial crisis, where these quarters are assigned the 

value one. The vulnerability indicator is set to missing between the end of the window and the end of the systemic event. Otherwise, 

the indicator is equal to zero. 
15 See Appendix II for the Technical Note on the construction of the pre-stress and severe-stress indicators. 
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start of each severe‑stress episode is then used to anchor the pre‑stress vulnerability window. This 

is consistent with the macro‑financial literature that identifies banking stress through NPL 

dynamics and anchors early‑warning vulnerability windows to the onset of severe balance‑sheet 

deterioration, while extending this approach through a fully data‑driven, expanding‑window 

threshold suitable for small open economies with limited crisis histories.16 

The optimal indicator weights, 𝜔𝑖 in equation (1), were calculated by taking the ratio of the 

absolute value of a standardized estimated coefficient to the sum of the absolute values from each 

standardized estimated coefficient.17 Similar to Lang et al. 2019, a minimum weight of 5 per cent 

was imposed for each indicator.18 The baseline d-SRI was then calculated by applying equation 

(1).19  

Overall, the d-SRI is calibrated to predict pre-stress vulnerability rather than macroeconomic 

outcomes. While this approach limits cross-episode generalisation, it yields a country-specific 

indicator tightly anchored to observed balance-sheet stress dynamics. The d-SRI’s association with 

future real GDP growth is examined separately using local projections. 

 

3.3 The Baseline d-SRI as a predictor of Vulnerability  
To assess the ability of the baseline d-SRI to predict the vulnerability indicator, a Firth penalized 

logistic regression model was estimated. The Firth correction is employed to mitigate small‑sample 

bias and potential separation issues arising from the low frequency of vulnerability episodes. The 

model was calibrated as follows: 

𝑃𝑟(𝑉𝐼𝑡 = 1 | 𝑑𝑆𝑅𝐼𝑡)  =  𝛬(𝛼 +  𝛽𝑑𝑆𝑅𝐼), 𝛬(𝑧)  ≡  
1

1+ 𝑒−(𝑧)
 … (5) 

 
16 The use of NPL dynamics to identify periods of banking stress is well established in the macro‑financial literature. Sharp and persistent 

increases in NPL ratios are shown to be strongly associated with banking distress and subsequent macroeconomic downturns (Nkusu, 

2011; Ari, Chen, and Ratnovski, 2021). Several studies emphasize the value of data‑driven, indicator‑based approaches to stress 

identification—using deviations from historical norms—over narrative crisis dating, particularly in economies with limited crisis histories 

(Borio and Drehmann, 2009; Alessi and Detken, 2011. More recently, central bank research has emphasized the use of adaptive 

benchmarks and balance‑sheet deterioration indicators, such as credit and non‑performing loan dynamics, to identify emerging banking 

stress in economies with limited crisis histories (Borio and Drehmann, 2009). Anchoring pre‑stress vulnerability windows to the onset 

of severe balance‑sheet deterioration is also consistent with the EWSs literature, which shows that macro‑financial conditions several 

quarters ahead of NPL surges contain the most relevant predictive information (Borio and Drehmann, 2009; Ari, Chen, and Ratnovski., 

2021). 
17 Absolute values were used to ensure the weights computed were non-negative. 
18 Lang et. al. 2019 notes that estimation of country-specific weights is difficult due to the scarcity of crises at the country level. 
19 The CAB-to-GDP was included in the composite indicator with a minus sign as deficits typically add to systemic risk build-up through 

channels such as external financing vulnerability, exchange rate pressure, asset price volatility, banking sector exposure, and sovereign 

risk and fiscal strain. See Forbes et al. 2017 for a discussion on current account deficits during heightened risk. 
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where 𝑉𝐼𝑡 is the vulnerability indicator,  𝑑𝑆𝑅𝐼𝑡 is the domestic cyclical systemic risk indicator, 𝛼 

is the intercept term, 𝛽 is the slope. The Firth estimator’s predict command in Stata does not 

directly return fitted probabilities. As such, predicted probabilities 𝑝̂ 
𝑡
 were obtained by first 

computing the linear predictor  𝑥𝑏𝑡̂ and then applying the inverse-logit transformation, 

𝑝̂ 
𝑡
=  𝛬(𝑥𝑏𝑡̂) =  

1

1+ 𝑒−(𝑥𝑏𝑡̂)
 … (5) 

3.3.1 In-sample evaluation and a policy-relevant fixed threshold 

In‑sample performance focused on both calibration and discrimination. Calibration is summarized 

using the Brier (1950) score, 

𝐵𝑟𝑖𝑒𝑟 =   
1

𝑇
∑ (𝑉𝐼𝑡 −  𝑝̂ 

𝑡
)2𝑇

𝑡=1  … (6) 

while discriminatory power is measured by the area under the receiver operating characteristic 

curve (AUROC) (Hanley and McNeil 1982). Statistical inference for in‑sample performance 

measures relies on a block bootstrap designed to account for serial dependence in quarterly data. 

The bootstrap employs an automatically selected block length, based on outcome run lengths and 

predictor persistence, and is implemented with a fixed random seed (12345). Bootstrap replications 

that yield degenerate samples are excluded to ensure estimation of the logistic model. For in-

sample classification, thresholds are selected endogenously from a discrete grid {0.1, 0.2, 0.3, 0.4, 

0.5}, with the cutoff chosen to maximize the F1 Score from the list of classification measures 

which includes Accuracy, Precision, Recall, and F1 Score:  

𝑉𝐼̂𝑡  = {
1 𝑖𝑓 𝑝̂ 

𝑡
≥ 𝑘

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
… (7) 

where k is the threshold that maximizes F1 Score. 20 This procedure allows the data to determine 

the balance between precision and recall rather than imposing a fixed policy threshold. In line with 

the early-warning literature, thresholds below 0.5 can be optimal when false negatives are costlier 

than false positives; the cutoff is motivated by both empirical performance and macroprudential 

preferences for anticipation deterioration (see e.g., Drehmann and Juselius 2014). Similarly, recent 

 
20 Generally, macroprudential policy makers use classification thresholds between 0.2 and 0.4. As such, classification thresholds 

between 0.1 and 0.5 were assessed. See Table A 3 in the Appendix I for the definitions and interpretations. 
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work on early detection highlights that classifiers on the anticipation-precision frontier often 

employ lower thresholds to gain timeliness with only modest precision loss (e.g., Michaillat 2025). 

3.3.2 Real-time out-of-sample evaluation with expanding windows and optimal thresholds 

To approximate real-time decision-making, an expanding-window out-of-sample (OOS) 

procedure was implemented. For each time 𝑡, the Firth penalized logistic model was re-estimated 

using only information available strictly prior to 𝑡, provided that the training window contains at 

least one vulnerable (𝑉𝐼 = 1) and one non-vulnerable (𝑉𝐼 = 0) observation. Using that training 

set, fitted probabilities were computed and an observation-specific optimal classification threshold 

𝑝̂𝑡
∗ was chosen to maximize Youden’s (1950) J statistic, 

𝐽(𝑐) = 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝑐) + 𝑆𝑝̂𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦(𝑐) − 1 … (8) 

over the set of distinct in-sample fitted probabilities. If 𝑝̂𝑡
∗ cannot be defined (degenerate cases), 

the fallback threshold is the median training probability. The OOS probability for period 𝑡 is then 

generated from the period-𝑡 linear predictor via the inverse-logit, and the OOS classification is, 

𝑉𝐼̂𝑡
𝑂𝑂𝑆 = 1{𝑝̂ 𝑡

𝑂𝑂𝑆 ≥ 𝑝̂𝑡
∗ } … (9) 

Overall, the empirical strategy evaluates the d‑SRI as an early‑warning indicator using fully 

data‑driven decision rules. In‑sample thresholds are selected by F1 Score maximization over a 

predefined grid, while OOS thresholds are recalibrated in real time using the Youden J criterion. 

This approach assesses predictive performance without imposing ex‑ante policy cutoffs, allowing 

the data to determine the trade‑off between precision and recall under both retrospective and 

real‑time conditions. 

 

4 Results 
4.1 Baseline d-SRI 
This section presents the results of the baseline d-SRI constructed from 2005Q4 to 2025Q2, 

reflecting the effective joint data availability across all components after transformation and 

alignment. Table 1 displays the weights of the baseline d-SRI’s components. Figure 1 shows the 

time series of the baseline d-SRI and its drivers. A near-zero outturn suggests risk is normal relative 

to historical patterns. Increases above zero suggest a strengthening in domestic cyclical systemic 

risk build-up. Increases below zero indicate early-phase build-up. Decreases above zero represent 
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an unwinding of risk. Decreases below zero suggest a deep unwinding of risk or stress-period 

deleveraging. Notably, the figure shows that the baseline d-SRI increased before the start of severe 

stress to DTIs’ balance sheets through the NPLs to total loans channel. 

Table 1: Weights of the baseline d-SRI Components 

Indicator Real Total 

Credit 

Bank Credit 

to GDP 

Real Equity 

Prices 

Current Account 

Balance to GDP 

Weights (%) 25.44 16.96 11.38 46.22 

Source: Author’s Calculations 

Figure 1: Baseline Domestic Cyclical Systemic Risk Indicator 

  

In particular, the baseline d-SRI began an increasing trend in 2006Q2 at twelve quarters before the 

period of severe stress to DTIs’ NPLs between 2009Q2 and 2012Q2. The baseline d-SRI peaked 

in 2007Q3, at seven quarters before the NPL ratio severe stress period. Although the peak in the 

upward trend of the baseline d-SRI coincided with the onset of the GFC, the rise primarily reflects 

domestic cyclical vulnerabilities that built up in the period leading into the NPL ratio severe stress 

episode. Because the d-SRI is calibrated against periods of stress to DTIs’ balance sheet, rather 

than global shock event, its signal at that time captured rising vulnerabilities in the domestic 

business cycle prior to the materialization of severe balance-sheet stress. While the CAB-GDP 

indicator carries the highest estimated weight in the index, the increase during this phase was 

driven mainly by credit developments, rather than external imbalance.21  

The baseline d-SRI was negative during 2010, indicating a period of relative stabilization primarily 

due to the real total credit indicator. From 2013 through 2020, the baseline d‑SRI exhibited only 

 
21 While external shocks such as the GFC may have indirectly influenced domestic conditions, the d-SRI’s design focuses on internal 

systemic risk, making its movements more indicative of local vulnerabilities rather than global contagion. 
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mild fluctuations above zero, indicating an extended phase of moderate and well‑contained 

cyclical risk rather than any renewed build‑up. Post 2020, the credit development and external 

development indicators drove a further unwinding of cyclical risk build-up. Overall, the baseline 

d-SRI captured both the acceleration and unwinding phases of cyclical systemic risk, without 

signalling elevated vulnerabilities at the end of its sample in 2025. Its responsiveness to the 

domestic business cycle supports its usefulness as an early warning tool for macroprudential 

monitoring of the financial system. 

 

4.2 Evaluation of the Baseline d-SRI’s ability to predict Vulnerability 
This section presents the results from evaluating the ability of the baseline d-SRI to predict the 

vulnerability indicator. Using the penalized Firth logistic regression framework, the baseline d-

SRI demonstrated strong discriminatory power to identify vulnerability windows. Table A 4 in 

Appendix I displays the standard classification metrics for the baseline d-SRI. The in-sample 

evaluation shows that the indicator performed well at identifying pre-stress windows, with 

Accuracy of 96.77 per cent, Precision of 100 per cent, Recall of 75.00 per cent, and an F1 Score 

of 85.71 per cent, based on 2,000 block bootstrapped replications. These findings indicate that the 

baseline d-SRI was effective at capturing vulnerability episodes, an essential property for EWSs 

where the cost of missed signals is high. 

Although in‑sample performance is strong, early‑warning models must be assessed on their ability 

to generalise beyond the estimation period. Using a recursive expanding‑window out‑of‑sample 

framework, the baseline d‑SRI continued to perform well. The model achieved an OOS Accuracy 

of 93.22 per cent, Precision of 63.63 per cent, Recall of 100 per cent, and an F1 score of 77.77 per 

cent, again based on 2,000 block bootstrapped replications. These results reflect a balanced trade-

off between false alarms and missed signals and indicate that the baseline d‑SRI exhibits stable 

performance in historical real‑time simulations despite the rarity of vulnerability episodes. 

To complement the classification metrics, the model’s calibration and ranking performance was 

evaluated using Brier scores and AUROC analysis. Table A 5 in Appendix I shows that the 

baseline d‑SRI produced a low in‑sample Brier score of 0.0384, indicating well‑calibrated 

probabilities. Out‑of‑sample calibration remains strong, with a Brier score of 0.0385. Turning to 

discriminatory ability, table A 6 in Appendix I shows that the AUROC results underscore the 
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model’s robust performance: the in‑sample AUROC was 0.9444, while the out‑of‑sample AUROC 

remains high at 0.9975. While the AUROC is unusually high, this reflects the rarity and 

well‑separated nature of the identified vulnerability windows rather than model complexity or 

overfitting. 

An additional innovation in this evaluation is the use of a real‑time optimal classification threshold 

based on the Youden J statistic, applied at each point in the recursive out‑of‑sample exercise. This 

method determines the cutoff that maximises the model’s combined sensitivity and specificity 

using only information available up to each historical date. The average optimal threshold was 

approximately 0.3509 (95% Percentile CI [0.3146, 0.6988]), relative to the in-sample best F1 

Score threshold of 0.50, illustrating how real‑time classification varies with the data environment. 

Incorporating this approach yielded the same strong OOS classification metrics described above, 

confirming that the baseline d‑SRI offers both statistical robustness and policy relevance. 

Overall, the evaluation shows that the baseline d‑SRI performs strongly as a forward‑looking 

indicator of vulnerability, delivering high discrimination, strong calibration, and balanced 

out‑of‑sample classification despite class imbalance. These findings reinforce the usefulness of the 

d‑SRI as a dependable early‑warning tool within the constraints of a single‑country data 

environment and support its inclusion in Jamaica’s macroprudential surveillance framework. 

 

5 Robustness Tests 
5.1 Potential Property Price Overvaluation Cyclical Systemic Risk 

5.1.1 Residential Real Estate Price to Household Income Proxy 

To cover the potential property price overvaluation cyclical systemic risk category, a proxy of 

residential real estate price to household income was calculated due to the unavailability of 

household income microdata. Median real estate prices, a key component of the RRE price to 

household income proxy, were calculated using housing transactions data from both the National 

Housing Trust (NHT) and Realtors Association of Jamaica (RAJ). Figure A 8 in Appendix I shows 

the evolution of the median residential real estate prices from the combined NHT and RAJ 

databases.22 Generally, NHT captured prices at the lower segment of the market while RAJ mainly 

 
22 Up to 2008Q3, only selling prices for residential real estate in Kingston and St. Andrew were available. 
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captured prices at the upper end. This was reflected in the median of the combined dataset being 

closer to NHT’s median given a larger number of lower priced transactions from the NHT’s 

database. The spikes observed in 2020Q3 and 2024Q1 resulted from a higher number of RAJ house 

prices in the quarter after data cleaning. 

Household income was proxied using household and non-profit institutions serving households 

Final Consumption Expenditure (HNPISHs FCE) and estimates household counts from the 2001, 

2011 and 2022 Population and Housing Censuses conducted by the Statistical Institute of Jamaica 

(STATIN). Quarterly HNPISHs FCE was divided by the average number of households.23 The 

estimates show that annualized household income was approximately between Jamaica Dollars 

$182,003.41 in 1996Q4 and Jamaica Dollars $2,999,216.00 in 2023Q4.24  

The proxy for the RRE price to income ratio was then derived by dividing an extended version of 

BOJ’s residential real estate price index (RREPI) by the indexed household income proxy.25 This 

approach leveraged available macro-level aggregates to construct a plausible proxy for household 

income in the absence of microdata.26 

5.1.2 d-SRI Including the RRE Price to Income Proxy 

The d-SRI including RRE Price to Income Proxy was constructed to cover the potential property 

price overvaluation cyclical system risk category. The y-o-y change in the RRE price to income 

proxy was used. Table A 7 in Appendix I displays the updated weights of the normalized macro-

 
23 Quarterly HNPISHs FCE is the annual figure divided equally over four quarters. 
24 The estimates end in 2023 as the latest annual publication of data on households and NPISHs FCE was for 2023. FCE data includes 

indirect taxes such as value added tax (VAT) and is net of direct taxes such as income tax. Thus, the estimates can be interpreted as 

disposable income. 
25 BOJ constructed a RREPI using a hedonic time-dummy regression framework to estimate quality-adjusted price movements while 

controlling for differences in property characteristics. The series, available from 2010Q3 through 2025Q3, was back-extrapolated to 

2003Q2 using the predicted values from a linear regression of the RREPI on an indexed median house price series. The median house 

price series was indexed using 2010Q3 as the base quarter. 
26 The construction of the residential real estate price‑to‑household income proxy is consistent with established international practice in 

data‑constrained environments. In the absence of comprehensive household‑level income microdata, leading international institutions 

routinely proxy household income using national accounts aggregates, demographic information, and labour‑market indicators when 

constructing house price‑to‑income ratios (Biljanovska, Fu, and Igan, 2023; IMF Global Housing Watch). In particular, the use of 

expenditure‑based reflects the standard accounting identity that household expenditure tracks permanent income over the medium 

term, especially in emerging market economies where informal income and survey gaps are prevalent. 

Similarly, the aggregation of residential property prices from multiple administrative and market‑based sources to approximate a 

nationally representative median price aligns with IMF and BIS guidance for housing market analysis in countries with segmented or 

incomplete transaction coverage. Combining datasets that capture different segments of the housing market, rather than relying on a 

sole source, helps mitigate sample bias arising from market segmentation by price, geography, or borrower type (Biljanovska et al., 

2023; IMF Global Housing Watch). 

Finally, the resulting price‑to‑income ratio is widely used in the macro‑financial literature as an indicator of real estate overvaluation and 

cyclical systemic risk, rather than solely as a measure of housing affordability. Deviations of house prices from income fundamentals 

are commonly interpreted as signals of financial cycle excesses and are incorporated into macroprudential surveillance frameworks by 

the IMF, BIS, and national central banks (Borio and Drehmann, 2009; Biljanovska et al., 2025). In this context, the proxy constructed 

in this study provides a macro‑consistent and policy‑relevant measure of housing‑related systemic risk for Jamaica, while remaining 

transparent and reproducible given prevailing data limitations. 
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financial indicators when RRE price to income is included. Similar to the baseline d-SRI, 

particularly between 2005 and 2023, Figure A 9 in Appendix I shows that the evolution of the d-

SRI including RRE Price to Income Proxy effectively captured build ups of domestic cyclical 

vulnerabilities. However, the figure illustrates that the d-SRI was sensitive to the inclusion of RRE 

price to income proxy, demonstrating a lower cyclical risk build-up position over most of the 

sample. Furthermore, the d-SRI including RRE Price to Income Proxy also began increasing ahead 

of the NPL ratio severe stress period. However, the d-SRI including RRE Price to Income Proxy 

shows an earlier local peak at 2007Q2, eight quarters before the start of the NPL ratio severe stress 

period. The first peak was driven by the real total credit and RRE price to household income 

indicators. At 2009Q1, the d‑SRI including RRE to Income Proxy showed a global peak, one 

quarter before the start of severe stress to DTIs’ NPL ratio. The CAB-to-GDP indicator was the 

main driver behind this peak. However, the GFC did not cause the build-up in risk, but it amplified 

a widening merchandise trade deficit that existed due to high fuel and food import costs. Between 

2015 and early 2021, the CAB-to-GDP indicator has offset the cyclical risk build-up from the other 

components of the d‑SRI including RRE to Income Proxy. Post 2021, all components were showing 

a further unwinding of cyclical risk build-up. 

 

5.2 Comparing the d-SRIs’ Predictive Performance to the Real-time Total 

Credit-to-GDP Gap 
The predictive performance of the real-time total credit-to-GDP gap for vulnerability windows 

were assessed against the variants of the d-SRI. Both variants of the d‑SRI substantially 

outperformed the benchmark indicator, particularly out‑of‑sample.27 Tables A 8, A 9 and A 10 in 

Appendix I show the performances of the domestic cyclical risk build-up indicators using standard 

classification metrics, Brier score and AUROC, respectively. 

Both d‑SRI variants displayed strong predictive performances in-sample. Accuracy exceeded 

96 per cent and Recall was above 75 per cent, highlighting their effectiveness in identifying 

vulnerability windows. Among the variants, the d‑SRI including RRE Price to Income Proxy 

recorded the highest F1 Score, reflecting a favourable precision–recall balance. In contrast, the 

 
27 Of note, the inclusion of the RRE price to household income proxy materially improves the d-SRI’s ability to identify domestic cyclical 

vulnerabilities. The out-of-sample results suggest that the RRE price to household income proxy also contributes materially to the 

predictive performance of the composite indicator. Notwithstanding the improved performance, the baseline d-SRI is not exposed to 

errors from creating proxies and, more importantly, the availability of its components is timelier, which is vital for EWSs 
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real-time total credit‑to‑GDP gap exhibited lower Accuracy, Precision and F1 Score, which 

indicates weaker classification performance despite perfect Recall. For the out-of-sample 

performance, the d‑SRI variants maintained high Accuracy and balanced trade‑offs between false 

alarms and missed signals, whereas the real-time total credit‑to‑GDP gap showed a less stable 

performance. 

Calibration results reinforce this ranking: the d‑SRI variants achieve markedly lower Brier scores 

both in‑ and out‑of‑sample, indicating superior probability calibration. Correspondingly, both 

d‑SRI specifications achieved AUROC values above 0.94 in- and out-of-sample, while the 

benchmark indicator exhibited lower and more variable discrimination. 

Robustness checks indicate that the main qualitative findings, regarding the timing, direction, and 

predictive content of cyclical systemic risk, are robust to reasonable variations in indicator 

composition. Alternative specifications of the d-SRI incorporating housing-related measures yield 

qualitatively similar dynamics for both early-warning performance and macroeconomic impulse 

responses. While the inclusion of additional indicators can affect the relative contribution of 

individual components, the overall signalling properties and estimated macro-financial effects 

remain stable, consistent with evidence that composite systemic risk measures derive their strength 

from capturing common cyclical factors rather than reliance on a single variable (Lang et al., 2019; 

Drehmann and Juselius, 2013). 

 

6 Policy Considerations 
6.1 Effects of Systemic Risk on Real GDP Growth and other Macroeconomic 

Outcomes 

6.1.1 Real GDP Growth 

The LPIRFs as proposed by Jordà 2005 were used to assess the economic loss given a one-standard 

deviation impulse to the domestic cyclical systemic risk indicator. To assess the y-o-y real GDP 

growth impact, the LPIRFs were estimated as follows: 

𝑌𝑡+ℎ = 𝛼ℎ  +  𝜃ℎ ∗   𝑑𝑆𝑅𝐼𝑡 + ∑ 𝛾𝑖,ℎ ∗  𝑌𝑡−𝑖
4
𝑖=1 + ∑ 𝜑𝑖,ℎ  ∗   𝑑𝑆𝑅𝐼𝑡−𝑖

4
𝑖=1  +  𝜀𝑡+ℎ … (10) 

where 𝑌𝑡+ℎ denotes y-o-y real GDP growth ℎ quarters ahead,  𝑑𝑆𝑅𝐼𝑡 is the standardized cyclical 

systemic risk indicator at quarter t, 𝜃ℎ is the impulse response coefficient at horizon ℎ, and  𝜀𝑡+ℎ 
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is an error term. The lag coefficients 𝛾𝑖,ℎ and 𝜑𝑖,ℎ capture persistence in real activity and systemic 

risk, respectively.  The sequence of estimated coefficients {𝜃ℎ} traces out the impulse response 

function. Ninety per cent confidence intervals were constructed to assess statistical significance. 

Figure A 10 in Appendix I shows an initial increase in future real GDP growth following a one-

standard-deviation impulse to the baseline d-SRI. The response begins to decline after horizon 2 

and has a statistically significant peak decline of 2.5 per cent below the baseline trajectory at 

horizon 5. The negative response persists until fluctuating around zero after horizon 12. The 

response indicates that elevated cyclical systemic risk conditions are associated with a measurable 

short-lived expansion followed by a persistent contraction in economic activity. 

These findings underscore that the d‑SRI contains forward‑looking information about short‑term 

downside risks to real activity. The estimated response of real GDP growth to a one-standard-

deviation increase in the baseline d-SRI is consistent with the expected lag in financial-to-real 

sector transmission. The relatively short-lived nature of this response may reflect the influence of 

policy buffers or market adjustments that help absorb systemic shocks. Overall, the local projection 

results reinforce the baseline d-SRI’s value for forecasting near-term macroeconomic risks and 

support its integration into EWSs. 

6.1.2 Other Macroeconomic Outcomes 

While real GDP growth provides a summary measure of the macroeconomic costs of systemic 

risk, the transmission of financial vulnerabilities to the real economy operates through multiple 

intermediate channels. To shed light on these mechanisms, unconditional local projection impulse 

response functions were estimated for a range of macroeconomic and financial variables following 

a one-standard-deviation increase in the baseline d-SRI.28 

Figure 2 illustrates a clear temporal ordering of macro-financial adjustments. Credit variables 

respond strongly and immediately, with bank credit growth rising sharply in the short run, 

consistent with systemic risk building during periods of financial expansion and elevated 

risk-taking. This reinforces the interpretation of the d-SRI as an indicator of vulnerability 

 
28 In the local projection specifications for other macroeconomic outcomes, response variables are transformed to ensure comparability 

across series and interpretability of impulse responses. Bank credit growth, employment growth, and inflation are expressed in y-o-y 

percentage changes. The NPL ratio is expressed in percentage points, while bank profitability is measured as quarterly return on assets 

(ROA) in percentage points. Lending rates are expressed in percentage points. The nominal exchange rate response is computed as 

the log difference, such that positive values indicate depreciation. Gross international reserves are expressed in log levels, implying 

that impulse responses can be interpreted as approximate percentage deviations from baseline. 
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accumulation rather than contemporaneous stress. In contrast, real economic variables adjust more 

gradually. Employment growth declines with a lag, suggesting delayed labour market responses 

as financial conditions tighten and real activity weakens over the medium term. 

Balance-sheet indicators display similar lagged dynamics. The NPL ratio shows little immediate 

response but begins to increase at longer horizons, consistent with deteriorating credit quality 

emerging only after the financial cycle turns.  This pattern is consistent with financial accelerator 

dynamics, in which deteriorating borrower and bank balance sheets amplify and transmit earlier 

financial risk build‑ups to the real economy with a lag, rather than through immediate price 

adjustments. Bank profitability exhibits modest short-run gains, reflecting favourable financial 

conditions during risk build-up phases, followed by more volatile movements thereafter. 

Inflation also displays a non-trivial response, with periods of statistical significance. Following the 

systemic risk shock, inflation initially declines before rising above baseline at longer horizons. The 

magnitude of this response, approximately two percentage points, suggests that financial cycle 

dynamics can have meaningful downstream effects on price developments, consistent with delayed 

demand and cost-side transmission in a small open economy. 
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Figure 2: Local Projection – Bank Credit Growth, Employed Labour Force, NPL Ratio, 

Return on Assets and Inflation Responses to a One-standard-deviation Baseline d-SRI 

Impulse 

 

 

 

Other price-based and external variables, including lending rates, the exchange rate, and gross 

international reserves, respond less consistently and with greater uncertainty, indicating that the 
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average transmission of systemic risk operates primarily through quantity and balance-sheet 

channels rather than immediate price adjustments.29 

Overall, the unconditional impulse responses point to economically intuitive but imprecisely 

estimated effects, reflecting heterogeneity across cycles. These results provide a useful benchmark 

for average macro-financial transmission. However, they also mask important nonlinearities, 

motivating the state-dependent analysis that follows, which allows the effects of systemic risk 

shocks to vary across phases of the business cycle. 

 

6.2 State-dependent Effects of Systemic Risk on Real GDP Growth 
To examine whether the effects of systemic risk on y-o-y real GDP growth vary over the business 

cycle, state-dependent impulse response functions were estimated. State dependence is 

implemented using local projections with regime indicators, following Jordà (2005) and Auerbach 

and Gorodnichenko (2012), and motivated by the nonlinear growth dynamics documented in 

Adrian, Boyarchenko, and Giannone (2019). The state of the economy is defined by the sign of 

the output gap, distinguishing periods when real activity is below potential (𝑔𝑎𝑝̂𝑡 < 0) from 

periods when it is at or above potential (𝑔𝑎𝑝̂𝑡 ≥ 0).30 For each horizon ℎ, the following state-

specific local projection was estimated: 

𝑌𝑡+ℎ  = 𝛼ℎ
𝑠  + 𝜃ℎ

𝑠 ∗   𝑑𝑆𝑅𝐼𝑡 + ∑ 𝛾𝑖,ℎ
𝑠 ∗  𝑌𝑡−𝑖

4
𝑖=1 + ∑ 𝜑𝑖,ℎ

𝑠  ∗   𝑑𝑆𝑅𝐼𝑡−𝑖
4
𝑖=1  + 𝜀𝑡+ℎ

𝑠  … (11) 

where 𝑠 ∈ {𝑔𝑎𝑝̂𝑡 < 0, 𝑔𝑎𝑝̂𝑡 ≥ 0} denotes the macroeconomic state. The coefficients represent 

state-dependent impulse responses of y-o-y real GDP growth to a one-standard-deviation shock in 

the baseline d-SRI. 

Figure 3 presents the estimated state-dependent LPIRFs. When the output gap is at or above zero, 

the response of real GDP growth is initially muted and statistically insignificant, with a brief 

expansion observed at short horizons. Real GDP growth declines sharply between horizons 10 and 

12. This delayed downturn suggests that systemic risk accumulated during expansions materialises 

 
29 See figure A 11 in the Appendix I. 
30 A one‑sided Hodrick–Prescott filter is applied to log real GDP to construct the output gap in real time. The filter is estimated on an 

expanding sample, with the trend and cycle at each quarter computed using data available up to that point only. This approach 

mitigates end‑point bias inherent in two‑sided filters and better reflects the information set available to policymakers. The smoothing 

parameter is fixed at 𝜆 = 1600, and estimation begins once at least 24 observations are available. 
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gradually, consistent with financial boom–bust dynamics in which vulnerabilities build during 

good times but weigh heavily on activity once they unwind. 

In contrast, when the output gap is below zero, systemic risk shocks generate an initial expansion 

in real GDP growth. This front‑loaded response may reflect accommodative financial conditions 

or policy support mechanisms that tend to operate during downturns. However, the expansion is 

short‑lived, and real GDP growth subsequently contracts at medium horizons, with economically 

meaningful declines observed around horizons 4 to 6. Unlike in expansions, these negative effects 

dissipate more quickly, with growth reverting toward baseline thereafter. 

Figure 3: State-dependent Local Projection - Real GDP Growth Response to a One-

standard-deviation Baseline d-SRI Impulse 

  

Overall, the results highlight a pronounced state‑dependent asymmetry in the transmission of 

systemic risk to real activity. While downturns are characterised by sharper but shorter‑lived 

responses, expansions are marked by delayed yet more persistent adverse effects. These findings 

underscore the importance of pre‑emptive macroprudential action during periods of economic 

strength, when systemic vulnerabilities accumulate without immediate real costs but pose 

significant risks to future economic performance.31 

 

 
31 The d-SRI including RRE Price to Income Proxy predicted a gradual decline and recovery in future real GDP growth between horizons 

2 and 13 using the LPIRF model, while the results of state-dependent LPIRF model was similar to the baseline d-SRI (see figures A 

12 and A 13 in the Appendix I) 
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6.3 Implications for Policy Design 
• Activation of Countercyclical Buffers: Elevated systemic risk conditions, particularly 

during periods of economic expansion, should prompt the deployment or tightening of 

countercyclical capital and liquidity buffers to absorb shocks and mitigate financial-to-

real sector spillovers. 

• Integration into EWSs: The predictive capacity of the d-SRI for near-term downturns 

supports its inclusion in EWS frameworks. Threshold-based triggers can facilitate pre-

emptive interventions during periods of heightened vulnerability. 

• Rapid-Response Mechanisms: Given the potential for systemic risk shocks to generate 

sharp short‑term volatility, especially during periods of economic slack, contingency 

measures such as emergency liquidity facilities should be readily available to stabilise 

markets and limit amplification effects. 

• State-Contingent Calibration: The state‑dependent results reveal an asymmetry in the 

real effects of systemic risk, with vulnerabilities accumulated during economic 

expansions translating into larger and more persistent output losses. This suggests 

macroprudential policy should be more pre‑emptive in high‑growth phases, while 

allowing greater flexibility during periods of economic slack to avoid amplifying 

downturns. 

• Policy Communication: Transparent communication of policy actions during high-risk 

periods can reduce uncertainty and prevent panic-driven behaviours that exacerbate 

systemic stress. 

  

7 Limitations 
Despite encouraging results, this study highlighted relevant limitations. Firstly, data availability 

prior to the early 2000s, particularly around the 1990s financial sector crisis, constrains the 

robustness of model estimation and validation of the systemic risk predictor.32 Overall, the scarcity 

of NPL ratio severe stress episodes may limit the generalizability of the findings and increase the 

risk of overfitting. Secondly, while Firth logistic regression models reduce small‑sample bias and 

 
32 While Lang et al. (2019) can generalize a four‑to‑five‑year lead time due to multiple systemic crisis observations across countries, 

Jamaica’s single‑country context provides only one major crisis and a few NPL‑based stress episodes; therefore, the estimated 6–

12‑quarter lead time in this paper reflects observed domestic dynamics rather than a cross‑episode average. 
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handle (quasi) separation in binary settings and are interpretable and widely used in early‑warning 

systems, their nonlinearity is confined to the logistic link function. As such, they do not 

endogenously capture nonlinear relationships in covariates, time‑varying effects, or structural 

breaks that may characterize financial stress dynamics. Finally, the local projection framework is 

designed to capture predictive macro‑financial associations rather than to identify exogenous 

structural shocks, and impulse responses should therefore be interpreted as conditional correlations 

rather than causal effects. These limitations suggest the need for caution in interpreting the model’s 

predictive performance, particularly in out-of-sample contexts. 

 

8 Conclusion 
This paper developed a domestic cyclical systemic risk indicator (d-SRI) tailored to Jamaica’s 

macro-financial environment by adapting the methodology of Lang et al. (2019). The indicator 

aggregates key macro-financial variables capturing credit developments, asset prices, and external 

imbalances, with weights derived from penalized logistic regression calibrated on pre-stress 

vulnerability windows identified from non-performing loan dynamics. The resulting d-SRI 

provides a transparent and forward-looking measure of cyclical systemic risk suited to a small 

open economy with a limited crisis history. 

Empirical evaluation shows that the d-SRI performs strongly as an early-warning indicator. It 

exhibits high discriminatory power and good probability calibration in both in-sample and 

real-time expanding-window out-of-sample exercises. Robustness tests indicate that these 

properties are not sensitive to reasonable variations in indicator composition and that the d-SRI 

substantially outperforms the real-time credit-to-GDP gap in identifying vulnerability windows. 

Together, these results support the d-SRI’s usefulness as a practical tool for macroprudential 

surveillance. 

Local projection impulse response functions indicate that increases in cyclical systemic risk are 

associated, on average, with a short-lived expansion in economic activity followed by a 

medium-term decline in real GDP growth. The peak contraction occurs several quarters after the 

risk impulse, consistent with delayed financial-to-real sector transmission. While these 

unconditional responses are economically intuitive, they are imprecisely estimated and reflect 

averaging across different phases of the business cycle. 
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State-dependent local projections reveal important nonlinearities that are masked in the 

unconditional analysis. When output is below potential, systemic risk shocks are associated with 

sharper but shorter-lived effects on real GDP growth, whereas during expansions the adverse 

effects materialize with a delay and persist for longer. This asymmetry highlights that 

vulnerabilities accumulated in good times can generate significant future costs even in the absence 

of immediate macroeconomic deterioration. 

From a policy perspective, these findings underscore the value of integrating a cyclical systemic 

risk indicator into Jamaica’s macroprudential framework. The results support a state-contingent 

approach to policy design, whereby buffers are built pre-emptively during economic expansions 

and deployed flexibly during downturns to mitigate amplification effects. By providing timely 

signals of vulnerability build-up and insight into the conditional macroeconomic consequences of 

systemic risk, the d-SRI can enhance the effectiveness of countercyclical macroprudential policy. 

Future research could extend this framework by incorporating additional forward-looking financial 

indicators, exploring alternative nonlinear modelling approaches, or expanding the analysis to a 

panel of structurally similar economies to improve external validity and statistical power. 
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10 Appendix I 
Table A 1: Data Description and Coverage 

Data Description Coverage Source Accessed 

From 

Date 

Accessed 

Bank Credit Outstanding stock of Bank credit 

(loans and advances) to the non-

financial private sector from 

DTIs in JMD thousands 

2000Q1 to 

2025Q4 

BOJ BOJ MAR 2026 

Total Credit Outstanding stock Total credit 

(loans, advances and corporate 

debt securities) to the non-

financial sector (both private and 

public) from DTIs in JMD 

thousands 

2000Q1 to 

2025Q4 

BOJ BOJ MAR 2026 

Exchange Rate Quarterly weighted average 

selling rate 

1996Q4 to 

2025Q4 

BOJ BOJ MAR 2026 

Current Account Balance Quarterly, using BPM5 up to 

2011Q4 and BPM6 from 2012Q1 

onwards, in USD millions 

1996Q4 to 

2025Q2 

BOJ BOJ MAR 2026 

Non-Performing Loans DTIs’ (by sub-sector) Non-

performing loans (loans past due 

more than 89 days) in JMD 

thousands 

2000Q1 to 

2025Q4 

BOJ BOJ MAR 2026 

Real GDP Quarterly seasonally unadjusted, 

using an alignment adjustment to 

back-caste data prior to 2016Q1 

SNA update, in JMD millions 

1996Q1 to 

2025Q3 

STATIN STATIN/BOJ MAR 2026 

Nominal GDP Quarterly seasonally unadjusted, 

using an alignment adjustment to 

back-caste data prior to 2015Q1 

SNA update, in JMD millions 

1996Q1 to 

2025Q3 

STATIN STATIN/BOJ MAR 2026 

Consumer Price Index  1996Q4 to 

2025Q4 

STATIN BOJ MAR 2026 

Labour Force Using an alignment adjustment to 

back-caste data prior to 2024Q1 

methodological update. Data in 

thousands from IMF (up to 

2024Q1) and persons from 

STATIN (after 2023Q4). 

2000Q1 to 

2025Q4 

STATIN STATIN/IMF MAR 2026 

Household and Non-profit 

Institutions Serving Households 

Final Consumption Expenditure 

Annual observations, split 

equally over quarters then using 

an alignment adjustment to back-

caste data prior to 2015Q1 SNA 

update, in JMD millions 

1996 to 2023 STATIN STATIN MAR 2026 
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Residential Real Estate Price 

(NHT) 

Quarterly Median residential real 

estate selling price, with RAJ 

data beginning 2010Q3 while 

HNT data is available over the 

full for each quarter 

2003Q2 to 

2025Q3 

NHT/RAJ BOJ MAR 2026 

Residential Real Estate Price 

Index 

Quarterly 2010Q3 to 

2025Q3 

BOJ BOJ MAR 2026 

JSE Main Market Index  2004Q4 to 

2025Q4 

JSE JSE MAR 2026 

Weighted Average Lending Rates DTIs’ (by sub-sector and by 

domestic currency or US 

equivalent of all foreign 

currencies) weighted average 

lending rate in percentage points. 

US equivalent rates are up to 

2025Q1. 

1996Q1 to 

2025Q4 

BOJ BOJ MAR 2026 

Total Assets DTIs’ (by sub-sector) total assets 

in JMD thousands 

2000Q1 to 

2025Q4 

BOJ BOJ MAR 2026 

Net Income Before Taxes DTIs’ (by sub-sector) net income 

before taxes in JMD thousands 

2000Q1 to 

2025Q4 

BOJ BOJ MAR 2026 

Employed Labour Force Using an alignment adjustment to 

back-caste data prior to 2024Q1 

methodological update. Data in 

thousands from IMF (up to 

2024Q1) and persons from 

STATIN (after 2023Q4). 

2000Q1 to 

2025Q4 

STATIN STATIN/IMF MAR 2026 

Gross International Reserves In USD millions 1996Q1 to 

2025Q4 

BOJ BOJ MAR 2026 

 

Table A 2: Descriptive Statistics of Indicators 

Indicator Count Mean Std Dev Min Max Skewness Kurtosis 

Bank credit to GDP (%) 103 27.70 8.49 12.67 44.22 0.01 2.19 

Real total credit (2019 

Prices in Millions) 

104 6,270.20 1,967.53 2,685.12 9,905.62 0.22 2.19 

Real equity prices (2019 

Prices) 

85 2,324.68 1,011.61 835.12 5,099.23 0.54 2.71 

Current account balance 

to GDP (%) 

114 -5.75 5.44 -22.78 3.09 -0.58 3.28 

Residential real estate to 

income proxy (multiple) 

83 1.00 0.27 0.35 1.52 -0.15 2.53 

Non-performing loans 

to total loans (%) 

104 4.21 2.32 2.20 12.23 1.54 4.79 

Real GDP growth (y-o-

y %) 

114 0.85 3.58 -18.42 14.99 -1.00 11.53 
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Figure A 1: Bank Credit to GDP 

 

 

Figure A 2: Real Total Credit 

 

Figure A 3: Real Equity Prices 

 

Figure A 4: Current Account Balance to 

GDP 

 

 

Figure A 5: Residential Real Estate Price 

to Household Income Proxy 

 

Figure A 6: Non-Performing Loans to 

Total Loans 
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Figure A 7: Year-over-year Real GDP Growth 

  

 

Table A 3: Definition and Interpretation of Classification Metrics 

Measure Definition Calculation33 Interpretation 

Accuracy The proportion of total 

predictions that the model 

got right 

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

The proportion of the actual vulnerability and 

non-vulnerabilities windows predictions that 

the model got correct 

Precision The proportion of positive 

predictions that were correct. 

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

The proportion of the model’s predicted 

vulnerability windows that were correct 

Recall The proportion of actual 

positives that were correctly 

identified 

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

The proportion of the actual vulnerability 

windows the model correctly identified 

F1 Score The harmonic-mean of 

precision and recall 
 2 ∗  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
  

 

Table A 4: Standard Classification Metrics for Baseline d-SRI 

 In-Sample Out-of-sample, Rolling Expanding-Window 

Accuracy 0.9677 [0.8870, 0.9714] 0.9322 [0.9111, 1.0000] 

Precision 1.0000 [0.8571, 1.0000] 0.6363 [0.5384, 1.0000] 

Recall 0.7500 [0.7500, 0.8750] 1.0000 [1.0000, 1.0000] 

F1 Score 0.8571 [0.8000, 0.8936] 0.7777 [0.7000, 1.0000] 

Observations/ OOS Predictions 62 61 

Completed Bootstrap Replications 1351 1319 

Notes: Firth Logistic Regression; 2,000 Block Bootstrap Replications; 95% Percentile Confidence Interval in Square Brackets 

Source: Author’s Calculations 

 
33 TP: True Positives, TN: True Negatives, FP: False Positives, and FN: False Negatives. 
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Table A 5: Brier Score for the Baseline d-SRI 

 In-sample Out-of-sample, Rolling Expanding-Window 

Brier Score 0.0384 0.0385 

Std. Err. 0.0148 0.0195 

95% CI [0.0309, 0.0812]  [0.0229, 0.0955] 

Observations/ OOS Predictions 62 61 

Completed Bootstrap Replications 1351 1319 

Notes: Firth Logistic Regression; 2,000 Block Bootstrap Replications; 95% Percentile Confidence Interval in Square Brackets 

Source: Author’s Calculations  

Table A 6: Area Under the Receiver Operating Characteristics Curve for the Baseline d-

SRI 

 In-sample Out-of-sample, Rolling Expanding-Window 

AUROC 0.9444 0.9972 

Std. Err. 0.0053 0.0077 

95% CI [0.93942, 0.9539]  [0.9750, 1.0000] 

Observations/ OOS Predictions 62 61 

Completed Bootstrap Replications 1351 1319 

Notes: Firth Logistic Regression; 2,000 Block Bootstrap Replications; 95% Percentile Confidence Interval in Square Brackets 

Source: Author’s Calculations  

Figure A 8: Quarterly Median Residential Real Estate Price: Dec 2003 to Dec 2024 
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Table A 7: Weights of d-SRI incl. RRE Price to Income Proxy 

Indicator Real Total 

Credit 

Bank Credit to 

GDP 

Real Equity 

Prices 

Current Account Balance to 

GDP 

RRE Price to Income 

Proxy 

Weights (%) 20.50 5.58 5.10 49.82 19.00 

Source: Author’s Calculations 

Figure A 9: Domestic Cyclical Systemic Risk Indicator including RRE Price to Income 

Proxy  

   

Table A 8: Standard Classification Metrics for Cyclical Risk Indicators 

 Baseline d-SRI d-SRI including RRE Price 

to Income Proxy 

Real Time total credit-to-

GDP Gap  

In-sample 

Accuracy 0.9677 [0.8870, 0.9714] 1.0000 [0.9807, 1.0000] 0.1194 [0.1142, 0.2857] 

Precision 1.0000 [0.8571, 1.0000] 1.0000 [0.9411, 1.0000] 0.1194 [0.1142, 0.2500] 

Recall 0.7500 [0.7500, 0.8750] 1.0000 [1.0000, 1.0000] 1.0000 [1.0000, 1.0000] 

F1 Score 0.8571 [0.8000, 0.8936] 1.0000 [0.9696, 1.0000] 0.2133 [0.2051, 0.4000] 

Observations 62 56 67 

Completed Bootstrap 

Replications 
1351 1319 1275 

Out-of-sample, Rolling Expanding-Window 

Accuracy 0.9322 [0.9111, 1.0000] 1.0000 [0.9183, 1.0000] 0.5000 [0.3589, 0.8769] 

Precision 0.6363 [0.5384, 1.0000] 1.0000 [0.6363, 1.0000] 0.1034 [0.0810, 0.8214] 

Recall 1.0000 [1.0000, 1.0000] 1.0000 [1.0000, 1.0000] 0.4285 [0.2857, 1.000] 

F1 Score 0.7777 [0.7000, 1.0000] 1.0000 [0.7777, 1.0000] 0.1666 [0.1333, 0.8235] 

OOS Predictions 61 55 66 

Completed Bootstrap 

Replications 
1319 1314 1319 

Notes: Firth Logistic Regression; 2,000 Block Bootstrap Replications; 95% Percentile Confidence Interval in Square Brackets 

Source: Author’s Calculations  
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Table A 9: Brier Score for Cyclical Risk Indicators 

 Baseline d-SRI d-SRI including RRE Price to 

Income Proxy 

Real-time total credit-to-

GDP Gap  

In-sample 

Brier Score 0.0384 0.0060 0.1053 

Std. Err. 0.0148 0.0028 0.0290 

95% CI [0.0309, 0.0812]  [0.0013, 0.0105]  [0.1012, 0.1875] 

Observations  62 56 67 

Completed Bootstrap 

Replications 

1351 1319 
1275 

Out-of-sample, Rolling Expanding-Window 

Brier Score 0.0385 0.0161 0.1368 

Std. Err. 0.0195 0.0082 0.0481 

95% CI [0.0229, 0.0955] [0.0052, 0.0347] [0.0735, 0.2610] 

OOS Predictions 61 55 66 

Completed Bootstrap 

Replications 

1319 1314 
1275 

Notes: Firth Logistic Regression; 2,000 Block Bootstrap Replications; 95% Percentile Confidence Interval in Square Brackets 

Source: Author’s Calculations  

Table A 10: Area Under the Receiver Operating Characteristics Curve for Cyclical Risk 

Indicators  

 Baseline d-SRI d-SRI including RRE Price to 

Income Proxy 

Real-time total credit-to-

GDP Gap  

In-sample 

AUROC  0.9444 1.000 0.6588 

Std. Err. 0.0053 . 0.1471 

95% CI [0.93942, 0.9539]  [1.000, 1.0000]  [0.3409, 0.7457] 

Observations 62 56 67 

Completed Bootstrap 

Replications 

1351 1319 
1275 

Out-of-sample, Rolling Expanding-Window 

AUROC 0.9972 1.000 0.7843 

Std. Err. 0.0077 0.0016 0.1376 

95% CI [0.9750, 1.0000] [0.9964, 1.0000] [0.5266, 0.9866] 

OOS Predictions 61 55 66 

Completed Bootstrap 

Replications 

1319 1314 
1319 

Notes: Firth Logistic Regression; 2,000 Block Bootstrap Replications; 95% Percentile Confidence Interval in Square Brackets 

Source: Author’s Calculations  



40 

 

Figure A 10: Local Projection - Real GDP Growth Response to a One-standard-deviation 

Baseline d-SRI Impulse 

  

 

Figure A 11: Local Projection – Domestic and Foreign Currency Lending Rates, Foreign 

Exchange Rate and Gross International Reserves Responses to a One-standard-deviation 

Baseline d-SRI Impulse 
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Figure A 12: Local Projection: Real GDP 

Growth Response to a One-standard-

deviation d-SRI incl. RRE Price to 

Income Proxy 

 

Figure A 13: State-dependent Location 

Projection: Real GDP Growth Response 

to a One-standard-deviation d-SRI incl. 

RRE Price to Income Proxy 
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11 Appendix II 

Technical Note: Construction of the NPL-Based Severe-Stress Binary Indicator 

This appendix describes the full procedure used to convert the quarterly NPL ratio into a binary 

severe‑stress indicator suitable for early‑warning modelling. The method relies on the NPL ratio, 

reflecting the fact that the spike in the NPL ratio was a main source of balance‑sheet deterioration 

in Jamaica’s financial history, during the 1990s crisis episode. The choice of y-o-y change in the 

NPL ratio reflects the fact that the crisis occurred over multi-quarter horizons. 

Step 1. Compute the Year‑over‑Year Change in the NPL Ratio 

For each quarter 𝑡: 

The 4‑quarter difference highlights abrupt and sustained deterioration, consistent with empirical 

crisis signatures. 

𝛥1𝑦𝑟𝑛𝑝̂𝑙𝑡 = 𝑛𝑝̂𝑙𝑡 − 𝑛𝑝̂𝑙𝑡−4 

Step 2. Estimate the Expanding‑Window Standard Deviation 

To avoid look‑ahead bias, the volatility of the y-o-y change is computed using only information 

available up to quarter 𝑡: 

𝜎𝑡 = 𝑠𝑑(𝛥(1𝑦𝑟)𝑛𝑝̂𝑙1, … , 𝛥(1𝑦𝑟)𝑛𝑝̂𝑙𝑡) 

This expanding‑window approach ensures that the threshold adjusts as more history becomes 

available. 

Step 3. Identify Candidate Entrances into Severe Stress 

A potential entrance occurs when the y-o-y NPL ratio change exceeds its long‑run volatility: 

𝑒𝑛𝑡𝑒𝑟𝑡 = {1 𝑖𝑓 𝛥
(1𝑦𝑟)𝑛𝑝̂𝑙𝑡 > 𝜎𝑡 ,

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.
 

This captures quarters exhibiting unusually sharp deterioration. 

Step 4. Identify Candidate Exits from Severe Stress 

A stress episode is considered to end only after the NPL dynamics demonstrate clear slowing and 

improvement: 
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𝑒𝑥𝑖𝑡𝑡 = {1 𝑖𝑓 𝛥
(1𝑦𝑟)𝑛𝑝̂𝑙𝑡 ≤ 𝜎𝑡 , 𝛥

(1𝑦𝑟)𝑛𝑝̂𝑙𝑡−1 ≤ 0, 𝑛𝑝̂𝑙𝑡 < 𝑛𝑝̂𝑙𝑡−1,
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

 

This avoids mistaking short‑term noise for structural improvement. 

Step 5. Construct the Persistent Stress State 

Stress is not measured as single‑quarter spikes but as persistent episodes. The binary state evolves 

as: 

𝑠𝑠𝑡𝑟𝑒𝑠𝑠𝑡 = {
𝑒𝑛𝑡𝑒𝑟𝑡 𝑡 = 1,

1 𝑖𝑓 𝑒𝑛𝑡𝑒𝑟𝑡 𝑡 = 1 𝑜𝑟 (𝑠𝑠𝑡𝑟𝑒𝑠𝑠𝑡−1 = 1 ∧  𝑒𝑥𝑖𝑡𝑡 = 0),
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

 

Thus, once stress starts, it remains active until the formal exit condition is met. 

Step 6. Identify the Start of Each Stress Episode 

A new stress episode begins when: 

𝑠𝑠𝑡𝑎𝑟𝑡𝑡 = 1 𝑖𝑓 𝑠𝑠𝑡𝑟𝑒𝑠𝑠𝑡 = 1 𝑎𝑛𝑑 𝑠𝑠𝑡𝑟𝑒𝑠𝑠𝑡−1 = 0  

 

These start dates serve as anchors for the pre‑stress vulnerability window. 

Step 7. Map Each Quarter to Its Next Stress Start 

Because pre‑stress windows must not overlap, every quarter 𝑡 is assigned the date of the nearest 

future severe‑stress start: 

𝑛𝑒𝑥𝑡_𝑠𝑡𝑎𝑟𝑡𝑡 = min {𝜏 ≥ 𝑡 ∶   𝑠𝑠𝑡𝑎𝑟𝑡𝜏 = 1} 

This is implemented by backward‑propagating start dates in the dataset. 

Step 8. Compute Distance to the Next Stress Episode 

𝑑𝑖𝑠𝑡𝑡 = 𝑛𝑒𝑥𝑡_𝑠𝑡𝑎𝑟𝑡𝑡 − 𝑡 

Positive values indicate lead time to the next stress onset. 

Step 9. Define the Pre‑Stress (Vulnerability) Indicator 

Following the BIS‑style early‑warning horizon (12–5 quarters before crisis onset): 
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𝑝̂𝑟𝑒𝑣𝑡 = {

1 𝑖𝑓 5 ≤ 𝑑𝑖𝑠𝑡𝑡 ≤ 12

. 𝑖𝑓 0 ≤ 𝑑𝑖𝑠𝑡𝑡 ≤ 4,
. 𝑖𝑓 𝑠𝑠𝑡𝑟𝑒𝑠𝑠𝑡 = 1,
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

 

Thus: 

• 12–5 quarters before a stress start: vulnerability period 

• 4–0 quarters before start: warning buffer 

• During stress: missing 

• Elsewhere: zero 

This construction ensures non‑overlapping, forward‑looking, and data‑driven vulnerability 

windows. 
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12 Appendix III 

This appendix presents a summarized version of the Stata code used in this research. The code 

covers key parts of the methodology. The includes creating: the severe-stress indicator, 

vulnerability indicator, house price to income proxy, normalized indicators for baseline d-SRI and 

weights for components of the baseline d-SRI. 

Construction of the NPL-Based Severe-Stress Binary Indicator 

generate npl_ratio_chg1yr = (npl_ratio - l4.npl_ratio) 
rangestat (sd) std_npl_ratio_chg1yr = npl_ratio_chg1yr, interval(quarter . 0) // expanding-window standard deviation to 
normalize the year‑over‑year change in the NPL ratio. 
generate enter_sstress = (npl_ratio_chg1yr > std_npl_ratio_chg1yr & !missing(npl_ratio_chg1yr)) // define entrance to potential 
severe stress episode 
generate exit_sstress  = (npl_ratio_chg1yr <= std_npl_ratio_chg1yr & npl_ratio_chg1yr <= 0 & L.npl_ratio_chg1yr <= 0 & npl_ratio 
< L.npl_ratio & !missing(std_npl_ratio_chg1yr)) // define exit of severe stress episode 
 
* generate persistent state variable which combines entrance into a potential severe-stress episode and remaining in it for at 
least 2 quarters. 
generate sstress_dummy = 0 
replace sstress_dummy = enter_sstress in 1 
local N = _N 
forvalues t = 2/`N' { 
replace sstress_dummy = ( enter_sstress[`t'] | (sstress_dummy[`t'-1] == 1 & exit_sstress[`t'] == 0) ) in `t' 
} 
replace sstress_dummy = . if missing(npl_ratio_chg1yr)  
gen sstart = (sstress_dummy == 1 & L.sstress_dummy == 0) //identify the start of each severe-stress episode 
 
* compute the date of the next severe-stress start.  
gen next_start_q = quarter if sstart    // Mark start dates 
gsort -quarter 
replace next_start_q = next_start_q[_n-1] if missing(next_start_q) 
sort quarter  
 
* compute distance in quarters to the next start 
gen dist_next_start = next_start_q - quarter 
* generate vulnerability indicator 
gen prev_dummy = 0 
replace prev_dummy = 1 if inrange(dist_next_start, 5, 12) 
replace prev_dummy = . if inrange(dist_next_start, 0, 4) | sstress_dummy==1 
replace prev_dummy = . if missing(npl_ratio_chg1yr) 
} 

 

Construction of House Price to Income Proxy 

* Choose 2010q3 median selling price as base 
summ rre_price_med if quarter == yq(2010,3) 
scalar base_med = r(mean) 
* Synthetic raw HPI (median price as index) 
gen hpi_synth_raw = rre_price_med / base_med * 100 
 
* Fit relationship using overlapping period 
reg hpi_sa hpi_synth_raw if !missing(hpi_sa) 
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* Predict scaled synthetic HPI for entire sample (2003–2025) 
predict hpi_synth_scaled 
 
* Create final extended HPI 
gen hpi_extended = hpi_sa 
replace hpi_extended = hpi_synth_scaled if missing(hpi_sa) 
 
* Calculate real estate price to income ratio 
scalar hh_num_2001 = 748326 // STATIN 2001 Population and Housing Census. 
scalar hh_num_2011 = 881078 // STATIN 2011 Population and Housing Census. 
scalar hh_num_2022 = 926815 // STATIN 2022 Population and Housing Census. 
scalar hh_mean = (hh_num_2001 + hh_num_2011 + hh_num_2022) /3 
 
generate hh_inc_proxy = hnpish_fce_spliced / hh_mean  
rangestat (sum) hh_inc_proxy_annual = hh_inc_proxy, interval(quarter -3 0) 
replace hh_inc_proxy_annual = . if quarter < yq(1996, 4) | quarter > yq(2023, 4) 
 
* Choose 2010q3 median income  as base 
summ hh_inc_proxy_annual if quarter == yq(2010,3) 
scalar hh_inc_proxy_ann_base_med = r(mean) 
gen hh_inc_ann_index = hh_inc_proxy_annual / hh_inc_proxy_ann_base_med * 100 
generate rre_inc_comb = hpi_extended / hh_inc_ann_index 
 

Calculation of Normalized Indicators for Baseline d-SRI 

    local ref_start = yq(2005,4) 
    local ref_end   = yq(2025,2) 
 
    * Sub-indicators 
    local subindexlist "real_tc_growth1yr bank_cred_gdp_chg1yr real_ep_growth1yr cab_gdp" 
 
    foreach v of varlist `subindexlist' { 
 
        quietly { 
            * Median on the reference window 
            summarize `v' if inrange(quarter, `ref_start', `ref_end'), detail 
            scalar med_`v' = r(p50) 
 
            * MAD(|x - median|) on ref window 
            gen double __absdev = abs(`v' - med_`v') /// 
                if inrange(quarter, `ref_start', `ref_end') 
            summarize __absdev, detail 
            scalar mad_`v' = r(p50) 
            drop __absdev 
 
            * Gaussian-consistent MADn 
            scalar scale_`v' = 1.4826 * mad_`v' 
 
            * If MADn is literally zero → flat series → scale = 1 
            if (scale_`v' == 0) scalar scale_`v' = 1 
 
            * Normalize over entire sample 
            gen double `v'_norm = (`v' - med_`v') / scale_`v' 
            label var `v'_norm "`v' (median + MADn normalized)" 
        } 
    } 
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Calculation of Weights for Baseline d-SRI 

local Xvars 
foreach v of varlist *_norm { 
    local Xvars `Xvars' `v' 
} 
 
* Firth logistic avoids infinite estimates under separation 
quietly firthlogit prev_dummy `Xvars' 
 
* rebuild a 1 x k coefficient row vector in exactly the Xvars order 
local k : word count `Xvars' 
tempname coef_tmp 
matrix `coef_tmp' = J(1, `k', .) 
 
local i = 0 
foreach v of local Xvars { 
    local ++i 
    capture scalar bb = _b[`v']  
    if _rc matrix `coef_tmp'[1,`i'] = 0 
    else   matrix `coef_tmp'[1,`i'] = bb 
} 
 
matrix coef = `coef_tmp' 
 
local k = colsof(coef) 
matrix abs_coef = J(1, `k', .) 
forvalues i = 1/`k' { 
    matrix abs_coef[1,`i'] = abs(coef[1,`i']) 
} 
 
* calculate total of absolute beta coefficients 
scalar sum_abs_coef = 0 
forvalues i = 1/`k' { 
    scalar sum_abs_coef = sum_abs_coef + abs_coef[1,`i'] 
} 
 
* create normalized weights matrix 
matrix coef_weights = J(1, `k', .) 
forvalues i = 1/`k' { 
    matrix coef_weights[1,`i'] = abs_coef[1,`i'] / sum_abs_coef 
} 
 
* enforce minimum weight of 0.05 
matrix adj_coef_weights = J(1, `k', 0) 
scalar min_weight = 0.05 
matrix eligible = J(1, `k', 1) 
 
* fix weights below min_weight 
scalar allocated = 0 
forvalues i = 1/`k' { 
    if (coef_weights[1,`i'] < min_weight) { 
        matrix adj_coef_weights[1,`i'] = min_weight 
        matrix eligible[1,`i'] = 0 
        scalar allocated = allocated + min_weight 
    } 
} 
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* iteratively redistribute remaining weight 
scalar done = 0 
while (done == 0) { 
    scalar remainder = 1 - allocated 
    scalar rescale_sum = 0 
    forvalues i = 1/`k' { 
        if (eligible[1,`i'] == 1) { 
            scalar rescale_sum = rescale_sum + coef_weights[1,`i'] 
        } 
    } 
    scalar min_violation = 0 
    forvalues i = 1/`k' { 
        if (eligible[1,`i'] == 1) { 
            scalar new_weight = (coef_weights[1,`i'] / rescale_sum) * remainder 
            if (new_weight < min_weight) { 
                matrix adj_coef_weights[1,`i'] = min_weight 
                matrix eligible[1,`i'] = 0 
                scalar allocated = allocated + min_weight 
                scalar min_violation = 1 
            } 
        } 
    } 
    if (min_violation == 0) { 
        scalar done = 1 
    } 
} 
 
* final redistribution of weights 
scalar remainder = 1 - allocated 
scalar rescale_sum = 0 
forvalues i = 1/`k' { 
    if (eligible[1,`i'] == 1) { 
        scalar rescale_sum = rescale_sum + coef_weights[1,`i'] 
    } 
} 
forvalues i = 1/`k' { 
    if (eligible[1,`i'] == 1) { 
        matrix adj_coef_weights[1,`i'] = (coef_weights[1,`i'] / rescale_sum) * remainder 
    } 
} 
 
* assign adjusted weights from matrix 
scalar w_real_tc = adj_coef_weights[1,1] 
scalar w_bank_cred = adj_coef_weights[1,2] 
scalar w_real_ep = adj_coef_weights[1,3] 
scalar w_cab = adj_coef_weights[1,4] 




