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Figure 4. Plots of Bayesian analysis and performance of Gibbs sampling for the flood peaks
data set.

7. Conclusion

In this paper, a new distribution which is called extended odd log-logistic-Lindley
(EOLL-L) distribution was introduced. The statistical properties of the EOLL-L distri-
bution including the hazard function, quantile function, moments, incomplete moments and
generating functions and maximum likelihood estimation for the model parameters were
given. Simulation studies were conducted to examine the performance of this distribution.
We also presented applications of this new distribution for two real-life data sets in order
to illustrate the usefulness of the distribution. Finally, the Bayesian estimation and Gibbs
sampling procedure for the considered data sets were discussed.
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Modeling the impact of demand, supply, and budget
constraints on consumer preferences

Julia Fidler1, Łukasz Matysiak2

Abstract

Mathematical risk modeling in a market economy has become a key tool for analyzing con-
sumer behavior under conditions of unstable prices and shifting supply. In this study, we 
combine Paul Samuelson’s classical theory of revealed preferences with dynamic demand 
and supply mechanisms, using Afriat’s theorem and extensions by Varian and Mas-Colell 
to construct utility functions without survey data. Critical voices (e.g. Dryzek) prompt 
a reexamination of the assumptions of full information and fixed preferences, inspiring our 
proposal of the F(w,z) function that accounts for the strength of market fluctuations. Em-
pirical simulations and an analysis of market equilibrium stability yield new insights for 
economic policy and marketing strategies.

Key words: budget, demand, preference, price, supply.

1. Introduction

In the face of sudden commodity price swings and growing market uncertainty, integrat-
ing risk modeling with demand and supply mechanisms allows for more accurate predictions
of consumer behavior. Policymakers and practitioners demand tools that combine quanti-
tative risk analysis with classical economic assumptions to respond effectively to sudden
price shocks and income changes.

The classical foundations of revealed preference theory trace back to Samuelson’s pa-
per (1938), who based assumptions about consumer rationality and consistency on observed
choices. In Afriat’s article (1967) the author demonstrated that rationality conditions enable
the construction of a utility function without survey data, and Varian and Mas-Colell ex-
tended this framework to accommodate more complex preference structures in their articles
(1978, 1982). Critics such as Dryzek, in his book (2014), and other behavioral economists
highlight unrealistic assumptions of full information, fixed preferences, and the neglect of
socio-cultural factors. Recent attempts to merge demand and supply analysis with revealed
preference theory—particularly in the papers of Fidler & Matysiak (2024, 2025) - have not
yet produced a cohesive model that integrates dynamic market parameters in a single frame-
work.
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Despite numerous extensions to the classical approach, existing models have not for-
mally integrated the strength of demand and supply with income variability and market
risk. To address this gap, this paper:

1. Extends the classical utility-maximization model under a budget constraint to incor-
porate dynamic demand and supply parameters.

2. Introduces the function F(w,z), where w denotes the baseline preference scale and z
measures the strength of market changes (demand/supply).

3. Analyzes market equilibrium stability and consumer sensitivity to price and income
fluctuations.

In Section 2 we present a detailed literature review focusing on the evolution of revealed
preference theory and critiques of the full-information assumption. Section 4 develops the
mathematical model, including the definition of the function F(w,z). Section 5 presents
simulation results and a stability analysis, while Section 6 reviews classical consumer theory
through indifference curves and budget constraints.

2. The impact of supply and demand

First, let us define a utility function U(x1,x2), where x1 and x2 are the quantities of two
goods. A common choice may be the Cobb-Douglass function:

U(x1,x2) = xα
1 · xβ

2 . (1)

We denote the consumer’s income by M and the prices of goods are p1 and p2. The
budget constraint reads:

p1x1 + p2x2 ≤ M (2)

The relationship between demand and prices and income can be expressed by the de-
mand function:

x1 = D1(p1, p2,M) (3)

x2 = D2(p1, p2,M) (4)

Market equilibrium occurs when supply S equals demand D. For each good we have:

S1 = D1 (5)

S2 = D2 (6)

Given the above, we can formulate preferences as a function of demand, supply, and
market equilibrium.

Suppose that preferences P depend on the demand/supply ratio D
S :

P = f
(

D1(p1, p2,M)

S1
,

D2(p1, p2,M)

S2

)
(7)
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We can also include additional factors, such as the price elasticity of demand, to more
precisely model consumer preferences.

This is just a simplified model that can be expanded with additional variables and more
complex features to better reflect economic reality.

From the article by Fidler and Matysiak (2025), we assumed that we can study consumer
preferences with one of four functions F depending on the situation. And we can assume
this here as well, which we will discuss at the end of this section.

F(w,z) =


(1) w+az,

(2) w+a ln(1+ z),
(3) w+az2,

(4) w+aez.

(8)

where w is the initial preference value, a, z are some indicators under consideration.

Example 2.1 (Preferences via D/S Ratios). Let p1 = 2, p2 = 3, M = 30, and U(x1,x2) =

x0.5
1 x0.5

2 . Solving yields D1 = 7.5, D2 = 5. With S1 = 15, S2 = 10:

z1 =
D1

S1
= 0.5, z2 =

D2

S2
= 0.5. (9)

Set the baseline w = 1 and weights a = b = 1. Then:

(a) Linear:
P = w+ z1 + z2 = 1+0.5+0.5 = 2. (10)

(additive weighting)

(b) Logarithmic:

P = w+ ln(1+ z1)+ ln(1+ z2) = 1+2ln(1.5)≈ 1.81. (11)

(dampens extremes)

(c) Exponential:
P = w+ ez1 + ez2 = 1+2e0.5 ≈ 4.30. (12)

(exaggerates moderate changes)

(d) Cobb–Douglas:
P = w · z1 · z2 = 1 ·0.5 ·0.5 = 0.25. (13)

(multiplicative interaction)

Remark 2.2. The function f is just a placeholder for any mapping of the two demand–supply
ratios into a single preference value. In our setup

P = f
(
z1,z2

)
= f

(
D1
S1
, D2

S2

)
, (14)
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where
z1 =

D1

S1
, z2 =

D2

S2
. (15)

In the numerical example we have

• D1
S1

= 0.5: demand for good 1 is 50% of its supply,

• D2
S2

= 0.5: demand for good 2 is 50% of its supply.

Depending on how sensitively we want to weight those ratios, f could be an arithmetic
mean, a weighted sum, a nonlinear mapping, etc. For instance, the simple arithmetic-mean
choice is

P =

D1
S1

+ D2
S2

2
, (16)

which with z1 = z2 = 0.5 yields P = 0.5.

Remark 2.3. Below are the extreme values for each of the four canonical forms F(w,z1,z2),
given nonnegative parameters a,b,k,m. We write

z1 = k, z2 = m (17)

for the “max-ratio” scenario.

• Linear P = w+az1 +bz2

Pmin = w at z1 = z2 = 0, Pmax = w+ak+bm.

• Logarithmic P = w+a ln(1+ z1)+b ln(1+ z2)

domain requires zi >−1, Pmin →−∞ as zi →−1+, Pmax = w+a ln(1+ k)+b ln(1+
m).

• Exponential P = w+aez1 +bez2

Pmin = w+a+b at z1 = z2 = 0, Pmax = w+aek +bem.

• Cobb–Douglas P = w · za
1 · zb

2
Pmin = 0 if either z1 = 0 or z2 = 0, Pmax = w · ka mb.

Each form highlights a different behavior: the linear case grows proportionally, the log-
arithmic can diverge to −∞ near its lower domain limit, the exponential has a positive floor
and rapid growth, and Cobb–Douglas vanishes when either ratio is zero but rises multiplica-
tively otherwise.

Studying consumer preferences through shifts in supply and demand yields key insights
into price sensitivity and purchasing behavior; however, a truly comprehensive analysis
must also incorporate income effects that determine consumers’ purchasing power, cultural
and social influences that shape preferences beyond pure economic criteria, the availability
of substitutes and market competition influencing perceived value, market equilibrium
conditions (such as surplus or shortage) that alter purchasing dynamics, and heterogeneity
across social and demographic groups that affects behavior. Historical sales and price data
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allow us to reconstruct how changes in supply and demand translated into actual consumer
choices, while incorporating income variability enables us to model the impact of budget
shifts on the composition of consumers’ baskets. Finally, examining the interaction between
economic variables and socio-cultural factors—such as emerging trends or segment-specific
tastes—completes the full picture of the drivers behind purchase decisions. This expanded
approach enhances our ability to capture the complexity of the mechanisms shaping con-
sumer preferences and produces more reliable predictions of their responses to price shocks
or income changes.

Example 2.4. Assume the consumer’s utility function is U(x1,x2) = x0.5
1 x0.5

2 and the budget
constraint is 2x1 +3x2 ≤ 30. The Marshallian demand functions then read

x1 =
0.5M

p1
=

0.5 ·30
2

= 7.5, x2 =
0.5M

p2
=

0.5 ·30
3

= 5. (18)

Suppose a shift in preferences raises the price of apples to p1 = 3. The new demands
become

x1 =
0.5M

p1
=

0.5 ·30
3

= 5, x2 =
0.5M

p2
=

0.5 ·30
3

= 5. (19)

At the higher apple price, the consumer buys fewer apples and reallocates expenditure
toward oranges. We can then model preferences directly as a function of demands:

P = f (D1,D2) , (20)

so that in this case P= f (5,5). Finally, to obtain the explicit form of the preference function
in the spirit of Remark 2.3, replace the ratios D1/S1 and D2/S2 with D1 and D2 respectively.

When we study the effect of supply itself on consumer preferences, we can choose how
that supply is modeled in relation to preferences.

Direct Supply Relationship:

W = f (S1,S2) (21)

In this case, greater availability of goods may increase consumer preferences, since more
goods on the market mean more choices and potentially higher satisfaction.

Inverse Supply Relationship:

W = f
( 1

S1
, 1

S2

)
(22)

Here, scarcity drives up the valuation: lower S1 or S2 makes each unit more coveted,
raising consumer preference for the rarer good.

The choice of formula hinges on your research context and the behavioral assumptions
you adopt. To derive a concrete preference function, replace D1

S1
by S1, and D2

S2
by S2 (or by

1
S1

and 1
S2

for the inverse relationship) in the functional forms of Remark 2.3.

At the end of this section, we discuss modeling changes in consumer preferences under
the joint influence of demand and supply. This framework is motivated by the article by
Fidler and Matysiak (2025).
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Let us use our 4 formulas introduced at the beginning of this section (see the article
Fidler and Matysiak (2025)). We define

F(w,z) (23)

where w denotes baseline preference and z captures the demand–supply influence. The
parameter a measures the sensitivity of preferences to z.

Formulas:

1. F(w,z) = w+az

2. F(w,z) = w+a ln(1+ z)

3. F(w,z) = w+az2

4. F(w,z) = w+aez

Let us look at the example below:

Example 2.5. Suppose the consumer prefers product P at w = 5. Assume that the demand
for P is D= 7 and the supply is S = 10. Let a= 1 and let z represent the influence of demand
and supply, i.e. z = D

S = 7
10 = 0.7.

From the first formula, F(w,z) = w+az:

F(5,0.7) = 5+1 ·0.7 = 5.7. (24)

From the second formula, F(w,z) = w+a ln(1+ z):

F(5,0.7) = 5+1 · ln(1.7)≈ 5+0.531 = 5.531. (25)

From the third formula, F(w,z) = w+az2:

F(5,0.7) = 5+1 · (0.7)2 = 5+0.49 = 5.49. (26)

From the fourth formula, F(w,z) = w+aez:

F(5,0.7) = 5+1 · e0.7 ≈ 5+2.014 = 7.014. (27)

Different models produce different results, illustrating how nonlinear transformations of
z (logarithmic, quadratic, exponential) affect the strength of preference change. For more
details, see the article by Fidler and Matysiak (2025).

Remark 2.6. In the linear, logarithmic, and quadratic cases, a fixed point w∗ = F(w∗,z∗)
occurs only when z = 0 (assuming a ̸= 0). For the exponential model, no such fixed point
exists, so preferences always shift under the influence of z.

3. Empirical example with real demand–supply volume data

To validate our dynamic preference-update model on real figures, we use annual statis-
tics (Statistics Poland - from Poland, Eurostat) converted into monthly volumes for 2023.
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We assume:

• Annual domestic apple production: 3600000t; annual apple consumption (after ex-
ports): 2700000t.

• Annual banana imports: 494000t; annual banana consumption: 460000t.

• Monthly volumes are seasonally adjusted and averaged.

For each month t, compute the demand–supply ratios

z1,t =
Dapples,t

Sapples,t
, z2,t =

Dbananas,t

Sbananas,t
, z̄t =

z1,t + z2,t

2
. (28)

We then update the preference index linearly:

w0 = 5, wt = wt−1 +a z̄t , a = 1. (29)

Table 1. Monthly demand–supply ratios and wt (2023)
Month Sapples,t Dapples,t z1,t Sbananas,t Dbananas,t z2,t z̄t wt

[t] [t] [t] [t]
Jan 280 000 210 000 0.750 42 000 38 000 0.905 0.828 5.828
Feb 270 000 200 000 0.741 41 000 37 000 0.902 0.822 6.650
Mar 260 000 205 000 0.788 42 000 38 500 0.917 0.853 7.503
Apr 250 000 200 000 0.800 42 000 38 000 0.905 0.853 8.356
May 240 000 195 000 0.813 43 000 39 000 0.907 0.860 9.216
Jun 230 000 190 000 0.826 44 000 40 000 0.909 0.868 10.084
Jul 220 000 185 000 0.841 44 000 41 000 0.932 0.887 10.972
Aug 230 000 190 000 0.826 45 000 41 000 0.911 0.869 11.841
Sep 250 000 200 000 0.800 44 000 40 000 0.909 0.854 12.695
Oct 300 000 220 000 0.733 42 000 38 000 0.905 0.819 13.514
Nov 310 000 215 000 0.694 41 000 37 000 0.902 0.798 14.312
Dec 320 000 210 000 0.656 42 000 38 000 0.905 0.781 15.093

We observe that wt grows from 5.00 to 15.09 over the year, driven by sustained demand
pressure (z̄t > 0.8). Key insights:

• The largest monthly jump occurs in March (z̄3 = 0.853).

• Comparing this volume-based index with the price-based version shows whether real
consumption intensity induces larger swings than price shifts alone.

• To capture extreme fluctuations more faithfully, one can test nonlinear forms F(w,z)
(logarithmic, exponential).

• Calibrating a to match the empirical variance of wt will align model sensitivity with
observed consumer behavior.
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0
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Figure 1. Dynamics of the preference index wt and average demand–supply ratio z̄t in 2023.

4. The impact of the budget constraint on consumer preferences

Focusing solely on the budget constraint isolates the pure effect of prices and income
on consumer choices. Consider two goods, apples x1 and oranges x2, with prices p1, p2 and
income M. The consumer solves

max
x1,x2

U(x1,x2) s.t. p1x1 + p2x2 ≤ M. (30)

Example 4.1. Let p1 = 2, p2 = 3, M = 30 and

U(x1,x2) = x0.5
1 x0.5

2 . (31)

Form the Lagrangian

L (x1,x2,λ ) = x0.5
1 x0.5

2 −λ (2x1 +3x2 −30). (32)

First-order conditions:

Lx1 : 0.5x−0.5
1 x0.5

2 −2λ = 0,

Lx2 : 0.5x0.5
1 x−0.5

2 −3λ = 0,

Lλ : 2x1 +3x2 −30 = 0.

(33)

Divide the first eq. by the second:

x2

x1
=

2
3

=⇒ x2 =
2
3 x1. (34)

Substitute into the budget line:

2x1 +3
(

2
3 x1

)
= 30 =⇒ 4x1 = 30 =⇒ x1 = 7.5, x2 = 5. (35)
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Hence the optimum under the budget constraint is (x1,x2) = (7.5,5).

Remark 4.2. Example 4.1 shows that at the optimal bundle, the marginal rate of substitution
equals the price ratio:

MUx1

MUx2

=
0.5x−0.5

1 x0.5
2

0.5x0.5
1 x−0.5

2
=

x2

x1
=

p1

p2
. (36)

Substituting back into the budget equation pins down the exact quantities. Thus, prices
and income jointly determine the consumer’s preferred mix of goods.

5. Dynamics of preferences under supply and demand in discrete time

We study how the ratio of demand to supply affects the evolution of a consumer’s pref-
erence index wt over discrete periods t = 0,1, . . . ,T . Let

zt =
Dt

St
(37)

denote the demand-to-supply ratio in period t, and let a > 0 be a sensitivity parameter. We
assume a linear update rule:

wt+1 = F(wt ,zt) = wt +azt , (38)

with initial preference w0.

Figure 2. Evolution of preferences wt under varying demand–supply ratios zt .

From the recurrence we get the closed-form expression:

wt = w0 +a
t−1

∑
i=0

zi. (39)
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Hence:

1. The preference returns to its initial level w0 after T periods if and only if

wT = w0 ⇐⇒
T−1

∑
i=0

zi = 0. (40)

2. We define a critical threshold wk (e.g. the point of complete preference reversal or
resource exhaustion). Two regimes arise:{

wt > wk, (safe region),

wt ≤ wk, (critical region).
(41)

To link this to a budget-type constraint (cf. Sec. 3), suppose the total resources available
to influence preferences cannot exceed M. Interpreting azt as the resource expenditure in
period t, the critical threshold is reached when

k−1

∑
i=0

azi = M. (42)

Solving for k gives the first period at which resources are fully utilized. At that moment,

wk = w0 +M, (43)

and any further demand–supply shock zt would push the system beyond the consumer’s ca-
pacity.

Table 2. Values of P = F(w,z) for w = 5, a = 1 and selected z
Model Formula F(w,z) z = 0.2 z = 0.5 z = 1.0 z = 2.0

Linear 5+ z 5.20 5.50 6.00 7.00
Logarithmic 5+ ln(1+ z) 5.18 5.41 5.69 6.10
Quadratic 5+ z2 5.04 5.25 6.00 9.00
Exponential 5+ ez 5.22 5.65 7.72 12.39

Remark 5.1. In this linear framework the cumulative effect of supply–demand imbalances
is transparent. One sees immediately how alternating positive and negative ratios can cancel
out, returning wt to baseline, or else drive it past a critical threshold if the aggregate sum
exceeds M.

6. Indifference curves and consumer preferences

Indifference curves are a cornerstone of consumer choice theory. For a given utility level
U , the indifference curve

IU = {(x1,x2) : U(x1,x2) =U} (44)
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collects all bundles of goods that yield the same satisfaction.
Key properties of indifference curves:

• They slope downward: to keep utility constant, an increase in x1 must be offset by
a decrease in x2.

• They are typically convex to the origin, reflecting a diminishing marginal rate of
substitution (MRS).

The marginal rate of substitution at any point measures the rate at which the consumer
is willing to exchange good 2 for good 1 while remaining on the same curve:

MRS =
MUx1

MUx2

=−dx2

dx1

∣∣∣
U=const

, (45)

where MUxi =
∂U
∂xi

.
When we overlay the budget line

p1x1 + p2x2 = M, (46)

the optimal consumption bundle is found at the tangency point satisfying

MRS =
p1

p2
. (47)

Illustration. Let IU1 and IU2 be two indifference curves with U2 > U1. If the higher curve
IU2 lies outside the budget set, the consumer’s utility-maximizing choice is the tangency
point on IU1 . Otherwise, they reach IU2 and attain greater utility.

Indifference curves themselves do not change underlying preferences; rather, they pro-
vide a graphical tool to analyze how budget constraints, price changes, and income shifts
guide consumer choices and substitution patterns.

7. Changes in income, prices, and consumer choices

When a consumer’s income or the prices of goods change, the budget set and the optimal
consumption bundle both shift. We distinguish two main effects:

1. Income Changes

– Income increase: the budget line p1x1 + p2x2 = M shifts outward.

– Income decrease: the same line shifts inward.

– The new optimum traces out an Engel curve showing how xi varies with M.

2. Price Changes

– Substitution effect: consumer moves along the original indifference curve to a
tangency with a hypothetical “compensated” budget line.
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– Income effect: the compensation restores purchasing power, yielding the final
bundle.

– Slutsky decomposition separates these two responses.

7.1. Marshallian demand for Cobb–Douglas preferences

For

U(x1,x2) = xα
1 x1−α

2 , (48)

the Marshallian (uncompensated) demands are

x1(M, p) =
α M
p1

, x2(M, p) =
(1−α)M

p2
. (49)

Example 7.1 (Income Shock). Let α = 0.5, p1 = 2, p2 = 3, and initial income M = 30.
Then

x1 =
0.5 ·30

2
= 7.5, x2 =

0.5 ·30
3

= 5. (50)

If M rises to 45, the new demands become

x1 =
0.5 ·45

2
= 11.25, x2 =

0.5 ·45
3

= 7.5. (51)

Thus, higher income yields strictly larger consumption of both goods.

Example 7.2 (Price Shock). With the original income M = 30 and α = 0.5, let p1 increase
from 2 to 3 while p2 = 3. Then

x1 =
0.5 ·30

3
= 5, x2 =

0.5 ·30
3

= 5. (52)

The rise in p1 reduces apples from 7.5 to 5 units, and the consumer reallocates expendi-
ture toward oranges.

7.2. Graphical interpretation

• An outward shift of the budget line (via higher M) lets the consumer reach a higher
indifference curve.

• A pivot of the budget line (via a price change) causes a rotation around the intercept
on the axis of the non-stochastically priced good.

• The tangency condition

MU1

MU2
=

p1

p2
(53)

still determines the optimal bundle after any shift.



STATISTICS IN TRANSITION new series, March 2026 117

In summary, income variations slide the chosen point along Engel curves, while price
changes combine substitution along one indifference curve with an income effect that shifts
to another. Both mechanisms alter the mix of goods that maximizes consumer utility under
the new budget.

8. Conclusions

Building on our earlier studies by Fidler and Matysiak (2024, 2025), this paper has
broadened the mathematical modeling of consumer preferences by explicitly integrating de-
mand–supply dynamics, budget constraints, and income variations into a single framework.
Our main contributions are:

• Unified quantitative–qualitative modeling. We contrasted multiple functional forms
(linear, logarithmic, quadratic, exponential, Cobb–Douglas) for the preference–shock
mapping F(w,z), capturing both smooth and extreme market responses.

• Dynamic stability analysis. Introducing a critical threshold and fixed-point condi-
tion for the preference index wt under discrete demand–supply shocks reveals when
and how aggregate imbalances return to—or deviate from—baseline levels.

• Endogenous feedback between preferences and demand. By allowing shifts in
preferences to feed back into demand (and hence prices), we moved beyond the one-
way causality of standard models and showed how sentiment shifts can amplify mar-
ket movements.

• Rigorous incorporation of revealed-preference tools. Embedding Afriat – Varian
– Mas – Colell constructions and classical indifference-curve analysis within our dy-
namic setting provides a tighter link between theoretical consistency and empirical
price–income observations.

Taken together, these advances deepen our understanding of how real-world shocks -
whether from price spikes, income changes, or supply disruptions—propagate through in-
dividual utility maximization and aggregate market behavior. They also offer a versatile
toolkit for policymakers and marketers to simulate consumer responses under varying risk
and uncertainty conditions.

Looking ahead, we plan to enrich the model by:

1. Introducing heterogeneous consumer types and segment-specific functional forms.

2. Endogenizing income processes (e.g. stochastic wages, credit constraints).

3. Incorporating social network effects and habit formation into the preference-update
rule.

4. Validating the framework on high-frequency transaction data to calibrate sensitivity
parameters a and critical thresholds.

These extensions will help bridge the gap between theoretical preference representations
and observed purchasing patterns in dynamic, uncertain markets.
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The comparison of the hidden Markov model with machine 
learning techniques in agricultural prediction 

Muraleedharan Vyshnavi1, Madaswamy Muthukumar2 

Abstract 

This study compares hidden Markov models (HMMs) with various machine learning 
approaches to assess their effectiveness in forecasting agricultural data based on Python. 
Accurate forecasts are essential to promote sustainability and increase agricultural 
productivity. Through the use of an extensive dataset of agricultural parameters, specifically 
the cultivated area of oilseeds, the study explores historical trends and correlations. Model 
performance is evaluated using the Mean Absolute Error (MAE) along with the R-squared, 
and residual analysis is used to analyse how well the models represent the underlying trends. 
The findings demonstrate that HMMs are able to predict agricultural trends with higher 
accuracy than their other counterparts, thereby providing useful information for improved 
agricultural planning and decision-making. Future studies should concentrate on improving 
forecast accuracy and resolving any issues associated with agricultural data prediction. 

Key words: machine learning, mean absolute error, R-squared, hidden Markov model, 
residual analysis. 

1.  Introduction 

Technological developments in data science and machine learning (ML) have rev-
olutionized the agriculture industry in the last few decades. With these advanced tools, 
farmers, agronomists, and policymakers can now maximize productivity, control risks, 
and improve decision-making. Due to their capacity to manage the intricate temporal 
and spatial interactions present in agricultural systems, HMM and other ML techniques 
have become essential tools for assessing agricultural data among the variety of meth-
odologies available. The agricultural sector faces distinct difficulties that are defined by 
unpredictability and are impacted by market forces, environmental variables, and tech-
nological advancements. While traditional statistical techniques have yielded valuable 
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insights, they are still limited in their ability to capture complex patterns and intercon-
nections seen in dynamic agricultural systems. This constraint has prompted the use of 
new computational techniques that can better describe uncertainties, nonlinear rela-
tionships, and stochastic processes. 

A strong foundation for simulating temporal sequences in which underlying states 
are deduced from observable data is provided by HMMs. HMMs, which were first cre-
ated in the fields of speech recognition and computational linguistics, have found ex-
tensive use in agriculture for tasks like predicting crop yield, identifying disease out-
breaks, and evaluating the effects of climate change. Because HMMs are probabilistic, 
state transitions and emissions can be flexibly modeled to account for the inherent com-
plexities and uncertainties seen in agricultural datasets. Techniques for ML include  
a broad range of algorithms that can recognize patterns in data and forecast outcomes 
without the need for explicit programming. In agriculture, ML models such as SVMs, 
NNs, LR, and KNN, have been extensively applied across various domains including 
crop classification, soil fertility prediction, yield estimation, and pest management. 
These techniques leverage large datasets to identify patterns and relationships, offering 
valuable insights for optimizing agricultural practices and resource allocation.  

Poonam Somani, Shreyas Talele, and Suraj Sawant (2014) investigated the applica-
tion of SVMs, NNs, and HMM to stock market forecasting. It emphasizes how crucial 
these methods are for reporting on changes in stock prices and suggests an HMM to 
increase precision. Choukri Djellali and Mehdi Adda (2020) presented the RHMM deep 
learning model, which leverages ANN and the HMM for recommender systems. 
Through experimentation, the model outperforms testing models by optimizing  
the bias-variance conflicts and enhancing training stability and accuracy. Pasak 
Senawongse, Andrew R. Dalby, and Zheng Rong Yang (2005) predicted phosphoryla-
tion sites in amino acid sequences, the study used HMMs which outperform decision 
trees and neural network methods and produce predictions with greater certainty than 
HMMs. Lefteris Benos, et al. (2008) examined the potential of machine learning  
in agriculture, emphasizing managing crops, water, soil, and livestock. It emphasizes 
the effectiveness of algorithms using Artificial Neural Networks, with the most 
researched crops being sheep, cattle, wheat, and maize. To summarize, this study aims 
to extend our understanding of how machine learning approaches, such as HMMs, 
might improve the analysis and prediction of long-term oilseed area patterns. This 
research aims to give practical insights to stakeholders in the agricultural industry by 
assessing the strengths and limitations of various models, ultimately contributing to 
more informed decision-making. 
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2.  Methodology 

2.1.  Hidden Markov Model 

A Hidden Markov Model is a statistical model describing systems with unobserved 
(hidden) states. It works particularly well with time series data, where the system is 
considered to follow a Markov process with unknown parameters. It is utilized in this 
study to model and forecast the actual annual oilseed area values. The model begins by 
defining hidden states S = {𝑆ଵ, 𝑆ଶ, . . . , 𝑆ே} that represent various underlying conditions 
impacting oilseed areas, such as different weather patterns or economic factors. These 
hidden states correspond to observable data O = {𝑂ଵ, 𝑂ଶ,…,𝑂்ሽ, which in this case are 
the measurements of the oilseed area. The HMM (Leite et al. 2008) parameters are the 
following, 
 Transition Probabilities(A): A matrix A = [𝑎௜௝ሿ where 𝑎௜௝= P (𝑞௧ାଵ ൌ 𝑆௝/𝑞௧ ൌ 𝑆௜ሻ 

indicates the probability of transitioning from state 𝑆௜𝑡𝑜 𝑆௝. 
 Emission Probabilities (B): A matrix B = [𝑏௝ሺ𝑘ሻሿ where 𝑏௝(k) = P (𝑜௧ ൌ 𝑂௞/𝑞௧ ൌ 𝑆௝) 

specifies the probability of observing an oilseed area value 𝑂௞ given that the system 
is in  state 𝑆௝. 

 Initial State Distribution (π): A vector π = [𝜋௜] where 𝜋௜ ൌ 𝑃ሺ𝑞ଵ ൌ 𝑆௜ሻ denotes the 
probability of starting in each hidden state. 

The model is trained using the Baum-Welch algorithm, which is an expectation-
maximization method that iteratively estimates these parameters based on the observed 
oilseed area data. This algorithm enhances the model’s comprehension of state transi-
tions and emissions to maximize the likelihood P(O/ʎ) of the observed data, where ʎ 
represents the model parameters A, B, and π. After, training  HMM can predict the 
actual oilseed area value for the years 1992 to 2022 by identifying the sequence of hid-
den states 𝑞ଵ:் = arg 𝑚𝑎𝑥௤ଵ:்  P(𝑞ଵ:் / 𝑂ଵ:், ʎ) that best explains the observed data. This 
method utilizes the most probable sequence of hidden states and their corresponding 
emissions, providing insights into historical trends and fluctuations in oilseed areas. 

Figure 1.  Structural diagram of HMM 
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2.2. Linear regression 

A modeling approach called linear regression (Tranmer and Elliot 2008) is used to 
analyze data and generate predictions. To predict a response variable (Y) from an ex-
planatory variable (X), a bivariate model is constructed using simple linear regression. 
The scatterplot’s points are fitted with a straight line using linear regression, and pre-
dictions are made using the line’s equation. The equation for the line in regression mod-
eling is as follows: 

                                             Y = 𝛽଴ ൅ 𝛽ଵ𝑋 ൅ 𝑒௜                                                       (1) 

where the slope of the regression line is the regression parameter 𝛽ଵ and the intercept 
is the regression parameter 𝛽଴. With a mean of zero and a constant variance, it is 
assumed that the random error term 𝑒௜ is uncorrelated. The assumption that the 
mistakes are distributed regularly is frequently added to analyses to make inference 
easier and enhance estimation efficiency. The data may be transformed to approach 
normality (Zou et al. 2003).   

 
Figure 2.  Visualization of linear regression model 

2.3.  Support vector machines 

SVMs (Meyer and Wien 2001) for binary classification were created by Cortes and 
Vapnik (1995). In machine learning, support vector machines are an effective technique 
that may be applied to both regression and classification problems. The first step in 
using SVMs for prediction is gathering and preparing the dataset to ensure it is 
appropriately scaled for analysis. The data type is then considered while choosing an 
appropriate kernel function, such as radial basis function (RBF), polynomial, or linear. 
Additionally, the regularization parameter (C) is initialized. It regulates the trade-off 
between maximizing the margin and decreasing classification errors. The data is then 
transformed into a higher-dimensional space where it is simpler to separate using  
a hyperplane by computing the kernel matrix using the chosen kernel function. When 
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input data points 𝑥௜  and 𝑥௝ are used, the kernel matrix element 𝐾௜௝ is calculated as 
follows (Jakkula 2006):  

𝐾௜௝ ൌ 𝐾ሺ𝑥௜ , 𝑥௝ሻ                                                          (2) 
The next step is to formulate a quadratic optimization problem, whose goal is to 

identify the best hyperplane that maximizes the margin between classes while adhering 
to the restrictions. For the quadratic optimization problem, the objective function 
(Jakkula 2006) is: 

 ௠௜௡
ఈ  ∑ 𝛼௜ െ  

ଵ

ଶ
∑ ∑ 𝛼௜𝛼௝𝑦௜𝑦௝𝐾ሺ𝑥௜

௡
௝ୀଵ

௡
௜ୀଵ

௡
௜ୀଵ , 𝑥௝)                              (3) 

Based on the limitations; 
 ∑ 𝛼௜𝑦௜

௡
௜ୀଵ =0 

 0 ൑ 𝛼௜ ൑ C, for all i. 

The solution function for regression problems is: 
f(x) = ∑ 𝛼௜𝑦௜

௡
௜ୀଵ  K (𝑥௜ , 𝑥௝) +b                                            (4) 

SVMs are certain to generate reliable and accurate predictions on fresh data 
through this systematic technique. 

 
Figure 3.  Support vector machine structure 

2.4.  Neural networks 

The neural network (Mark et al. 1992) was designed with three layers: input, 
hidden, and output, as illustrated in the following figure. Layers consist of many nodes 
and are connected by correlation weights. Nodes accept input from either outside the 
model or interconnections. Nodes process the input to produce an analogue output, 
determining the firing rate. The weight function multiplies the incoming firing rate 
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before it arrives at the next layer. Each node's transformation is a sigmoid function as 
specified below: 

f(x) = ଵ

ଵା ௘௫௣ሺି௔ሺ௫ି௕ሻሻ
                                                   (5) 

When the node's input is denoted by x, its output, or firing rate, is represented by 
f(x), the gain is ‘a’, and the bias is ‘b’. The values of a and b are calculated using in the 
below equation: 

(𝐻௜௡௣௨௧) = f (∑ 𝑤௜௝𝑥௝ ൅  𝑏௜
௡
௝ିଵ )                                       (6) 

where 𝑤௜௝ are the weights connecting the input 𝑥௝ . 
  (𝑂௢௨௧௣௨௧) = ∑ 𝑤௞ℎ௞

௠
௞ୀଵ ൅  𝑏௢                                        (7) 

In this neural network model, raw data is processed by the input layer, non-linear 
changes are applied by the hidden layer using the sigmoid function, and predictions are 
produced by the output layer. The network gains strong predictive capabilities through 
training, which teaches it to modify its weights and biases to minimize the error 
between real and anticipated values. 

 
Figure 4.  Structural overview of neural networks: input, hidden, and output layers 

2.5.  K-Nearest Neighbors 

The K-Nearest Neighbors (Sadegh and Bolandraftar 2013) technique predicts the 
outcome for a query point X based on the average of its K nearest neighbors. To 
improve this, one can weigh the contributions of these neighbors so that closer 
neighbors have a bigger impact on the forecast than those further away. Regression 
problems involve predicting the value of a dependent variable (y) using independent 
variables (x). Consider a scheme where a series of points reflects the relationship 
between the independent variable and the dependent variable. KNN uses a set of known 
examples to predict the outcome of a query point (X). The k-nearest neighbor approach 
predicts the value of the nearest neighbor. If 𝑥ସ is the nearest neighbor to X, then: 

ӯ௑=𝑦ସ                                                                   (8) 
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In the 2-nearest neighbor approach, we average the results of the two nearest 
neighbors 𝑥ଷ 𝑎𝑛𝑑 𝑥ସ. 

         ӯ௑ = ௬యା௬ర

ଶ
                                                                   (9) 

This strategy can be applied to K nearest neighbors. The predicted value is obtained 
as the average of the outcomes of the K nearest neighbors. 

ӯ௑ ൌ
ଵ

௞
∑ 𝑦௜

௞
௜ୀଵ                                                            (10) 

where 𝑦௜ denotes the outcome of the 𝑖௧௛ nearest neighbor. The distance between the 
query points can be measured using the Euclidean distance, Squared Euclidean dis-
tance, Manhattan distance, and Chebyshev distance. 

 
Figure 5.  Schematic diagram of K-Nearest Neighbors Model 

2.6. Residual analysis 

Residual analysis (Rebekka and Gomez 2004) is a valuable set of tools for evaluating 
the goodness of a fitted model. The purpose of residual analysis is to verify if statistical 
models applied to data satisfy the underlying assumptions of the models. These 
presumptions include independent and identically distributed model errors, as well as 
a regression function that is appropriately defined. Additionally, since most regression 
estimators only maintain consistency under the assumption that the error distribution 
is true, residual analysis is particularly crucial. The usage of residual plots, or plots of 
residuals against explanatory variables or the corresponding fitted values, has become 
commonplace in the detection of regression model deficiencies evaluation. Residuals 
are the variations between observed values (𝑦௜) and the predicted values (ŷ௜) from the 
models. The mathematical representation is as follows: 

Residual = 𝑦௜  െ  ŷ௜                                                    (11) 
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To evaluate how well the model's predictions match the actual data, residuals are 
utilized. The residuals, when they are randomly distributed around zero, show that 
there are no systematic errors in the model's representation of the underlying structure 
of the data. Several methods are used in residual analysis to validate a model's key 
assumptions, which include independence, normality and homoscedasticity.  

A statistical test called the Durbin-Watson (DW) test is used to determine whether 
the residuals from a regression analysis contain autocorrelation, which is a link between 
values that are separated from one another by a certain amount of time. The DW 
(Walter 2011) is calculated as: 

DW = ∑ ሺ௘೔ି௘೔షభሻ²೙
೔సమ

∑ ௘೔²೙
೔సభ

                                                     (12) 

The Shapiro-Wilk (W) test is a statistical tool for evaluating the normality of 
residuals in regression analysis. Residuals must be normally distributed because this 
validates the use of statistical tests and confidence intervals in the model. By running 
this test, we can find potential problems with the assumptions in the model and fix them 
to increase the model's accuracy and reliability. The test statistic (Zofia et al. 2016) is 
calculated as: 

W = ሺ∑ ௔೔௘೔ሻ²೙
೔సభ

∑ ሺ௘೔
೙
೔సభ ିēሻ²

                                                           (13) 

The Breusch-Pagan (BP) test is a statistical method for detecting homoscedasticity 
in regression model residuals. Homoscedasticity happens when the variance of the 
residuals fluctuates between observations, which contradicts the regression analysis 
assumption that there is constant variance. The Breusch-Pagan test statistic is given by: 

BP = n R²                                                                (14) 

where n is the number of values and R² is the coefficient of determination from the 
auxiliary regression of 𝑒௜

ଶ on the independent variables. The computed test statistic BP 
follows a chi-squared distribution with k degrees of freedom, where k represents the 
number of independent variables in the supplementary regression. 

3. Results and discussions 

The dataset used in this study comprises annual historical records of oilseed 
cultivation area in India, covering the period from 1992 to 2022. Each data point 
represents the total cultivated area measured in million hectares for the respective 
agricultural year. This data was sourced from the Economics & Statistics Division of the 
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Ministry of Agriculture & Farmers Welfare and is publicly accessible via their official 
website: http://desagri.gov.in. 

Table 1.  Effectiveness of various models in predicting values in given- years 

Year 
Area-Actual 

Value 
Predicted Value 

HMM KNN LR NN SVMs 
1992-93 24.26 25.85 25.764 24.431 24.836 25.940 
1993-94 26.20 25.85 25.764 24.538 24.915 25.965 
1994-95 26.09 25.85 25.764 24.648 24.993 25.990 
1995-96 26.31 25.85 25.972 24.762 25.072 26.014 
1996-97 25.96 25.85 26.112 24.877 25.151 26.039 
1997-98 25.30 25.85 25.942 24.986 25.229 26.064 
1998-99 26.90 25.85 25.234 25.087 25.308 26.088 
1999-00 25.24 25.85 24.570 25.189 25.386 26.113 
2000-01 22.77 22.93 23.808 25.290 25.465 26.138 
2001-02 22.64 23.70 23.160 25.391 25.544 26.162 
2002-03 21.49 22.93 23.616 25.493 25.622 26.187 
2003-04 23.66 23.70 24.634 25.594 25.701 26.212 
2004-05 27.52 27.30 25.408 25.696 25.779 26.237 
2005-06 27.86 27.30 26.448 25.798 25.858 26.261 
2006-07 26.51 27.30 27.228 25.896 25.937 26.286 
2007-08 26.69 27.30 26.916 25.994 26.015 26.311 
2008-09 27.56 27.30 26.788 26.092 26.094 26.335 
2009-10 25.96 27.30 26.748 26.190 26.172 26.360 
2010-11 27.22 27.30 26.706 26.288 26.251 26.385 
2011-12 26.31 27.30 26.804 26.386 26.329 26.410 
2012-13 26.48 27.30 26.732 26.483 26.408 26.434 
2013-14 28.05 27.30 26.506 26.581 26.487 26.459 
2014-15 25.60 25.85 26.480 26.679 26.565 26.484 
2015-16 26.09 25.85 26.086 26.777 26.644 26.508 
2016-17 26.18 25.85 25.434 26.875 26.722 26.533 
2017-18 24.51 22.93 25.742 26.973 26.801 26.558 
2018-19 24.79 23.70 26.290 27.084 26.880 26.582 
2019-20 27.14 27.30 26.888 27.196 26.958 26.607 
2020-21 28.83 27.30 26.888 27.307 27.037 26.632 
2021-22 29.17 27.30 26.888 27.419 27.115 26.657 

Model evaluation 

R-squared measures how well a model explains the variability in the observed data, 
making it sensitive to how accurately the model captures overall trends and fluctuations. 
Even small changes in the pattern of prediction errors can significantly impact its value. 
A higher R-squared indicates a stronger fit, meaning the model accounts for more of the 
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data’s variability, while a low or negative R-squared suggests a poor fit. In contrast, Mean 
Absolute Error (MAE) represents the average size of prediction errors regardless of their 
direction, offering a clear measure of accuracy without reflecting how well the model 
explains the variance in the data. Together, a high R-squared and low MAE provide 
complementary insights into a model’s explanatory power and predictive accuracy. 

Table 2.  Performance comparison of predictive models 

Models MAE R2- Valued 
Hidden Markov Model 0.7041 0.7449 
K- Nearest Neighbors 0.9353 0.5760 
Linear Regression 1.307 0.14 
Neural Networks 1.2783 0.1529 
Support Vector Machines 1.246 0.0466 

With the greatest R-squared of 0.7449 and the lowest MAE of 0.7041 when 
compared to other models, Hidden Markov Models proved to have greater prediction 
accuracy. These results highlight how well they predict agricultural oilseed areas. 

Table 3.  The Durbin-Watson test results for the independence of residuals 

Model Durbin-Watson Statistic Autocorrelation Interpretation 
Residual-HMM 1.324 Mild positive autocorrelation 
Residual-KNN 1.536 Mild positive autocorrelation 
Residual-NN 0.817 Significant positive autocorrelation 
Residual-LR 0.832 Significant positive autocorrelation 
Residual-SVMs 0.744 Significant positive autocorrelation 

These results show variable degrees of positive autocorrelation in the residuals among 
models. A Durbin-Watson statistic closer to 2 suggests less autocorrelation, whereas 
values that deviate significantly from 2 imply more autocorrelation. 

Table 4.  The normality test results for residual errors 

Model Statistic p-value Conclusion 
Residual-HMM 0.978 0.767 Fail to reject H0 

Residual-KNN 0.973 0.621 Fail to reject H0 

Residual-NN 0.908 0.013 Reject H0 

Residual-LR 0.921 0.028 Reject H0 

Residual-SVMs 0.953 0.199 Fail to reject H0 

Shapiro-Wilk tests show that residuals from HMM, KNN, and SVMs follow a nor-
mal distribution (p > 0.05), however, residuals from NN and LR do not (p < 0.05). 
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Table 5.  The results of the Breusch-Pagan test for homoscedasticity 
Model Breusch-Pagan Test Homoscedasticity (Interpretation) 

Residual-HMM 0.128 Likely homoscedastic 
Residual-KNN 0.231 Likely homoscedastic 
Residual-NN 0.615 Likely homoscedastic 
Residual-LR 0.801 Likely homoscedastic 
Residual-SVMs 0.790 Likely homoscedastic 

This assumption indicates that the residuals from each model have a constant 
variance. The p-values (all greater than 0.05) indicate that there is no meaningful 
evidence to challenge this assumption for any of the models. As a result, each model's 
residuals are likely to be homoscedastic, which supports their dependability in produc-
ing consistent predictions. 

3.1. Model fitting and sequence estimation 

This study uses the hidden state space S = {Low, Medium, High} and observable 
state space O = {Decrease, Neutral, Increase}. The hidden states reflect categorized lev-
els of the target agricultural variable (area). Specifically, the Low state corresponds to 
area values ranging from 21 to 23.83, indicating the lower end of the distribution. The 
Medium state includes values between 23.83 and 26.66, reflecting the mid-range or av-
erage levels. The High state covers values from 26.66 to 29.5, representing the upper 
portion of the dataset. The observable states describe the direction of year-to-year 
changes: Decrease indicates a drop in value, Neutral reflects minimal or no change, and 
Increase denotes a rise in value. These classifications support the model in linking hid-
den state transitions with observable patterns, enhancing both estimation and inter-
pretability. 

The model was trained after determining that HMM was the most suitable based 
on performance metrics. During training, the following parameters were estimated: 
1.  Transition Probability Matrix (A): It defines the likelihood of moving from one 

hidden state to another over time. In this study, the hidden states are categorized as 
Low, Medium, and High, representing different levels of agricultural area. Each 
element in the matrix indicates the probability of transitioning from a current state 
to a future state. It is calculated by analyzing how often the model transitions from 
one hidden state to another in a given sequence. Each value in the matrix represents 
the probability of moving from one state (e.g., Low) to another (e.g., Medium or 
High). To compute it, the number of transitions between states is counted and then 
normalized by dividing each row by the total transitions from that state. This 
provides a probability-based understanding of how the system evolves over time.  

                                                     Low Medium High 

                                          A = 
Low

Medium
High

อ
0.75  0  0.25

0.062  0.625  0.312
0 0.55 0.44

อ 
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2.  Emission Probability Matrix (B): It shows the likelihood of observing a particular 
output given a specific hidden state. It connects the hidden states (e.g., Low, 
Medium, High) to the observable outcomes (e.g., Decrease, Neutral, Increase). To 
calculate it, the number of times each observation occurs while the system is in  
a specific hidden state is counted. These counts are then normalized by dividing 
each by the total number of observations for that hidden state, resulting in 
probabilities that reflect how likely each observation is under each state. 

                                                                 Decrease  Neutral Increase 

                                        B = 
Low

Medium
High

 ൥
   1.00        0.00         0.00
   0.00       1.00         0.00
    0.00        0.30         0.70

൩ 

3.  Initial Probability Matrix (𝜋): It represents the probability distribution over hidden 
states at the starting point (time t = 0). It indicates how likely the system is to begin 
in each state (e.g., Low, Medium, or High). To calculate it, the number of times each 
state appears as the first state in multiple sequences is counted and then divided by 
the total number of sequences.  

𝜋 ൌ ሾ0.133, 0.533, 0.333ሿ 

Using the initial state distribution, transition matrix, and emission matrix, a 10-year 
forecast can be made by repeatedly updating the state probabilities through the 
transition matrix. Expected values are then calculated by combining these state 
probabilities with the emission matrix. This method captures the system’s time-
dependent behavior and can be efficiently performed using MATLAB’s built-in HMM 
tools. 

3.2. Graphical representation 

 
Figure 6.  The actual and predicted values of different models 



STATISTICS IN TRANSITION new series, March 2026 
 

 

131 

The graph presents a comparison between actual oilseed area data and the 
predictions made by five models over the period from 1992 to 2022. The actual data 
shows significant variability, with a noticeable decline during the early 2000s. Among 
all models, the HMM closely tracks the real data, effectively reflecting both declines and 
recoveries. KNN and NN provide reasonably accurate predictions but exhibit some 
inconsistencies. In contrast, SVM and Linear Regression tend to produce smoother or 
more linear trends, overlooking key changes in the actual data. Overall, HMM provides 
the most reliable fit to the values. 

 
Figure 7.  Comparison of MAE and R-squared Value 

The bar chart presents a comparison of predictive performance based on MAE and 
R-squared values. One model achieves the lowest error and highest fit, indicating strong 
accuracy and reliability. Others show moderate to poor performance, either with higher 
errors or weaker data alignment. Overall, the best-performing model stands out in both 
accuracy and consistency. 

 
Figure 8.  The residuals for different models across the observations 
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The line graph illustrates residual variations across different prediction models. 
Residuals close to zero indicate higher prediction accuracy. The HMM model shows 
relatively smaller and more stable residuals, especially after the 10th observation, 
indicating better consistency. In contrast, other models exhibit larger fluctuations, 
particularly around the 10th and 30th observations, suggesting less reliable predictions. 
Overall, the HMM model demonstrates more controlled and balanced residual 
behavior. 

 
Figure 9.  Comparison of actual and forecasted values over time using HMM parameters 

The line chart presents both the actual and forecasted oilseed area values over time. 
The solid blue line represents the observed data, showing noticeable fluctuations with 
periods of sharp declines followed by recoveries. The forecasted values, indicated by  
a red dashed line, generally follow the overall trend of the historical data while 
displaying some variability. This suggests that the model effectively captures the main 
movement of the data and adapts to changing patterns, providing a useful projection 
for future values. 

4.  Conclusions 

The findings of this study demonstrate that Hidden Markov Models (HMMs) 
significantly outperform other predictive methods in forecasting agricultural data. 
HMMs exhibit the lowest Mean Absolute Error (MAE) and the highest R-squared 
values, signifying their superior accuracy and reliability. The residual analysis further 
confirms the model's robustness, as the residuals are randomly distributed with no 
identifiable patterns, indicating a strong model fit. HMMs have proven to be highly 
effective in capturing the temporal and stochastic characteristics of agricultural data, 
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surpassing traditional machine learning techniques in performance. These results 
underline the potential of HMMs as a reliable tool for agricultural forecasting, enabling 
stakeholders to make data-driven decisions and develop strategic plans based on 
accurate predictions. 

Additionally, this study utilizes HMM parameters to forecast agricultural trends for 
the next 10 years, providing valuable insights for long-term planning. Future research 
can expand on these findings by applying HMMs to different agricultural domains and 
exploring further enhancements to improve their predictive capabilities. 
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    Jackknife-based diagnostics for non-monotonic hazard
survival model with interval-censored data

Jayanthi Arasan1

Abstract

This study focuses on jackknife-based model diagnostics for a non-monotonic two-
parameter hazard survival regression model (TBPR) when data is interval and right-
censored. This distribution is very flexible, because it accommodates both monotonic and 
bathtub-shaped hazard rates. This research proposes a bias-corrected jackknife harmonic 
mean and a ran-dom imputation technique to obtain the altered Cox-Snell (r∗

i 
), adjusted 

Martingale (r∗ 
i 
) and Schoenfeld (rS

∗
i 
) residuals. Two simulation studies were conducted to 

assess the perfor-mances of the altered residuals and their ability to detect extreme 
observations and outliers at various censoring proportions (cp) and sample sizes (n) for this 
model. The results indicated that the altered residuals based on jackknife outperformed other 
residuals at cp and n levels. The proposed methods are then illustrated using a real dataset on 
Hodgkin’s Disease with the prior treatment group as the covariate. The results showed that 
the altered residuals work well to address model adequacy and identify potential outliers in 
the dataset.

Keywords: Jackknife, interval-censored, outliers, covariate.

1. Introduction

Survival data with non-monotonic or bathtub hazard rates is commonly encountered in
medical research. Some examples include lifetimes of kidney or heart transplant patients,
lifetime of curability of breast cancer and lung cancer patients. The two-parameter distri-
bution with bathtub shape (TPB) model was proposed by (Chen 2000) and extended by
(Ismail, Arasan, Safie & Mohd Safari 2022) to incorporate covariates, resulting in what is
known as the TPB regression (TPBR) model. This model is very flexible compared to other
survival models as it accommodates both monotonic and non-monotonic, namely bathtub
shaped hazard rates, see (Chen 2000).

This research focuses on the model diagnostics for the TBPR model when data is both
right and interval-censored. Although residual analysis plays a central role in model diag-
nostics, traditional approaches such as the Cox-Snell residual often fail to perform well un-
der right or interval censoring, particularly when the underlying hazard is non-monotonic.
Existing adjustments like midpoint imputation or bootstrap methods have been explored
primarily for simpler monotonic hazard models. However, real-world survival data often
involve more complex hazard shapes (e.g. bathtub) and censoring types. This study ad-
dresses this gap by proposing a jackknife-based adjustment to residuals specifically for the
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TBPR model, a flexible model that accommodates both monotonic and non-monotonic haz-
ard functions.

Interval-censored data is prevalent in many clinical and longitudinal studies, primarily
due to constraints such as time, cost, and the necessity for periodic inspections conducted at
varying intervals. Data is interval-censored when the lifetime of the ith patient lies within an
interval, tLi < ti < tRi , where tLi and tRi denote the left and right endpoints of the observed
interval, respectively.

A special case of the interval-censored data, where tLi < ti < ∞, gives us the right-
censored data, see (Sun 2006), who provided a detailed overview of statistical methods
for analyzing interval-censored failure time data, covering techniques like maximum like-
lihood, nonparametric, semiparametric, and Bayesian methods. (Lawless 1982) discussed
statistical methods for analyzing interval-censored data, including current status data as
a special case.

The use of computer intensive techniques such as the jackknife and bootstrap can be
found in (Arasan & Lunn 2008), who compared alternative confidence interval estima-
tion methods, including bootstrap and jackknife techniques, for the parameters of a parallel
two-component system model with dependent failure and time-varying covariates, showing
that the jackknife method outperforms bootstrap techniques for censored data. (Arasan &
Lunn 2009), extended a parallel system survival model based on the bivariate exponential to
include a time-varying covariate, evaluating parameter estimates at various censoring lev-
els, comparing fixed vs. time-varying covariate models, and studying Wald, likelihood ratio,
and jackknife methods for constructing confidence intervals, with applications to diabetic
retinopathy data.

Following that, (Manoharan, Arasan, Midi & Adam 2015) compared the performance
of Wald, likelihood ratio, and jackknife confidence intervals for the parameters of the log-
normal distribution in the presence of left-truncated and right-censored survival data, find-
ing that the jackknife method outperformed the others, particularly for small sample sizes
with left-truncated data and low censoring. (Kiani, Arasan, Midi et al. 2012) examined the
Gompertz model with time-dependent covariates and right-censored data, comparing its per-
formance at different censoring levels and sample sizes, and evaluating Wald and jackknife
methods for confidence intervals.

Survival models with interval-censored data have been explored by authors such as
(Kiani & Arasan 2013), who extended the Gompertz model with time-dependent covari-
ates for interval-censored data, comparing the performance of Wald and likelihood ratio
methods for confidence interval estimation. The study highlighted the effectiveness of these
methods in handling interval-censored data. (Fang, Arasan, Midi & Bakar 2015) compared
jackknife and bootstrap confidence interval estimates for the parameters of a log-logistic
model with censored data and covariates, evaluating their performance through coverage
probability studies at various error probability levels and censoring proportions.

(Alharbi, Jayanthi, Haizum & Ling 2022) extended the generalized exponential model
to include covariates for interval-censored data, evaluating the maximum likelihood estima-
tor and Wald confidence intervals, with better performance observed at larger sample sizes
and lower censoring proportions. Then, (Al-Hakeem, Arasan, Mustafa & Peng 2023) ex-
tended the generalized exponential distribution to incorporate time-dependent covariates for
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interval-censored data, comparing maximum likelihood estimations and finding better per-
formance with larger sample sizes and lower attendance probabilities. (Manoharan, Arasan,
Midi & Adam 2020) assessed the performance of local influential diagnostics for the ex-
tended log-normal model with time-dependent covariates, left-truncation, and case-k inter-
val censoring, comparing it with global diagnostics through a simulation study.

More recently, several models and inference methods have been developed for interval-
censored survival data. For instance, (Zhou, Sun & Ibrahim 2021, Zhou & Sun 2021)
explored transformation models and estimation techniques. (García Meixide, Lema &
Vilar 2024) proposed a sparse neural network AFT model for interval-censored outcomes,
demonstrating improved prediction performance over classical methods using real-world
biomedical data. (Lou, Li & Sun 2024) developed a two-step semiparametric transformation
approach to handle missing covariate issues, supported by simulations and an Alzheimer’s
disease dataset. (Zhang, Li & Weng 2023) introduced a valid inference procedure post-
variable selection for the Cox model with interval-censored data, using lasso and asymp-
totic techniques. Lastly, (Pal, Peng & Aselisewine 2023) discussed a support vector–based
semiparametric cure model that accommodates interval-censored survival times.

Other research related to survival models with covariates include (Arasan & Ehsani
2011), who applied a repairable system model for interval failure data with a time-dependent
covariate, evaluating several NHPP-based models on ball bearing failure data and using
bootstrapping for variance estimation. They found that the proposed model was effective
and easy to implement. (Manoharan, Arasan, Midi & Adam 2017) extended the three-
parameter log-normal survival model to incorporate left-truncated and right-censored data
with covariates. They applied bootstrap inferential procedures to estimate the parameters
and assessed the model’s performance through a simulation study.

The Cox-Snell residuals (rCi ) are commonly used for checking the fit of a model in
survival analysis. When the data is positively skewed because of censoring, the Cox-Snell
residuals tend to be smaller or less informative because they are based on the assumption
that all observations are fully observed, which is not the case with censored data, as pointed
out by (Cox & Snell 1968). To correct this, the Cox-Snell residuals can be modified by
adding a positive surplus to make it more reliable. Two conventional modifications of rCi

take the surplus as the mean (r
′
Ci

) and median (r
′′
Ci

) of the standard exponential distribution,
see (Cox & Snell 1968). The use of the median of the standard exponential distribution
for the surplus was proposed by (Crowley & Hu 1977) as they found the mean tends to
inflate the residual far too much. Normally, the arithmetic mean works well when the data
is simple and does not have extreme values or outliers, as discussed by (Huber 1981). If the
data contains extreme values, the arithmetic mean may not be ideal, as it can overly increase
the residuals.

For survival data, which can often follow an exponential or skewed pattern, the geomet-
ric mean is a better option because it handles this kind of data more effectively. However,
when the data contains extreme values or outliers, the harmonic mean is preferred because
it is less affected by these extremes. (Naslina, Jayanthi, Syahida & Bakri 2020) and (Lai &
Arasan 2020) deduced that the modified Cox-Snell residuals for the Gompertz model based
on the empirical harmonic mean perform better than both standard and other modified Cox-
Snell residuals. (Arasan & Midi 2021) concluded that harmonic mean and jackknife har-
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monic mean residuals perform significantly better, especially when censoring proportions
are high.

In the case of interval-censored data, where the exact timing of an event is unknown but
falls within a specified range, traditional methods may not yield accurate results. When
data is interval-censored, the Cox-Snell residuals themselves are also interval-censored.
(Farrington 2000) recommends replacing the interval residuals with expected values un-
der exp(1). However, this approach may be impractical for more complex models or when
the data exhibits mixed-case censoring. To address this, this study proposes a change to
the Cox-Snell residuals by using the jackknife bias-corrected harmonic mean and random
imputation, which is better at dealing with heavy censoring. This adjustment is expected
to give more reliable results, as shown in (Arasan & Midi 2023), especially when the data
is censored in different ways and contains outliers, which can improve model assessment
accuracy.

(Arasan & Midi 2023) introduced a method using the bias-corrected bootstrap harmonic
mean and random imputation to adjust residuals for the extreme minimum value regression
with right- and interval-censored data. The extreme minimum value regression model only
accommodates monotonic hazards with a simpler data structure. Their study demonstrated
that these adjusted residuals were effective for assessing model adequacy and identifying
influential observations. In contrast, the current study focuses on modifying the Cox-Snell
residuals using the jackknife bias-corrected harmonic mean and random imputation for
a two-parameter distribution with a bathtub-shaped hazard, which has a more complex data
structure. While both the study by (Arasan & Midi 2023) and the present work aim to im-
prove residuals in the presence of censoring, our approach emphasizes the jackknife tech-
nique, particularly in cases of mixed censoring with a non-monotonic hazard rate. Although
these two studies explore similar goals, they propose different models and computational
techniques for addressing residual issues in survival analysis.

2. Methodology

2.1. The model

Let T be a non-negative random variable representing the survival time of an event. The
density and survivor functions for the TBP model by (Chen 2000) are given by Eqs. (1) and
(2).

f (t,λ ,γ) = λγtγ−1 exp
(

tγ +λ (1− etγ

)
)
, (1)

S(t,λ ,γ) = exp
(

λ

(
1− etγ

))
, t > 0. (2)

The effect of the covariates can be incorporated into the model by allowing the parameter
λ to be a function of the covariates. If the vector of covariate values is x′ =(x0,x1, · · · ,xp−1),
and the vector of regression coefficients is β

′ = (β0,β1, · · · ,βp−1), then λ = e−β ′x, where
γ > 0 represents an unknown parameter. The density and survivor functions for the TBPR
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model are given by Eqs. (3) and (4).

f (t,β ,γ) = γtγ−1 exp
(
−β

′x+ tγ + e−β ′x(1− etγ

)
)
, (3)

S(t,β ,γ) = exp
(

e−β ′x(1− etγ

)
)
, t > 0. (4)

The distribution has a monotonically increasing hazard function when γ ≥ 1 and may
have a bathtub-shaped hazard function when γ < 1. Consider the case where there are
lifetimes for i = 1,2, . . . ,n observations. Let the left and right endpoints for the ith subject
be tLi and tRi , respectively. To distinguish between censoring types for each observation, we
define an indicator variable δi as follows:

δi =

{
1 if the ith observation is interval-censored,

0 if the ith observation is right-censored.
(5)

The likelihood function for the full sample with interval and right-censored data is
shown by Eq. (6).

l(β ,γ) =
n

∏
i=1

[S(tLi)−S(tRi)]
δi [S(tLi)]

(1−δi) . (6)

So, for the TBPR model the likelihood and log-likelihood functions for the full sample
are shown by Eqs. (7) and (8).

l(β ,γ) =
n

∏
i=1

[
ee−β ′xi (1−exp(tγ

Li
))− ee−β ′xi (1−exp(tγ

Ri
))
]δi

[
ee−β ′xi (1−e

tγLi
)
](1−δi)

(7)

L(β ,γ) =
n

∑
i=1

δi

{
log

[
ee−β ′xi (1−exp(tγ

Li
))− ee−β ′xi (1−exp(tγ

Ri
))
]}

(8)

+(1−δi)

{
e−β ′xi(1− etγ

Li
)

}
.

The estimates for β and γ are obtained by solving the likelihood equations using any
iterative technique suited for nonlinear equations. The inverse of the observed informa-
tion matrix, denoted as i(β̂ , γ̂), can be computed from the second partial derivatives of the
log-likelihood function, evaluated at β̂ and γ̂ , providing estimates for the variance and co-
variance, as shown in Eq. (9).

V̂ar(β̂ , γ̂) = [i(β̂ , γ̂)]−1. (9)
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2.2. The residuals

The Cox-Snell residual for the ith subject is given by rCi = Ĥ(ti) = − log(Ŝ(ti)), where
Ĥ(ti) and Ŝ(ti) are the estimated cumulative hazard and survivor functions, respectively.
As discussed by (Cox & Snell 1968), a challenge arises when dealing with censored data,
particularly right-censored observations, as these residuals tend to underestimate the true
values. To address this, we propose modified Cox-Snell residuals using bias-corrected har-
monic means via the jackknife method and random imputation, depending on the type of
censoring.

Right-Censored Data

To adjust Cox-Snell residuals under right-censoring, the jackknife bias-corrected har-
monic mean is applied. The ith jackknife sample is constructed by removing the ith observa-
tion from the original dataset of n observations, as described by (Efron & Tibshirani 1994)
and defined in Eq. (10).

t(i) = (t1, t2, . . . , ti−1, ti+1, . . . , tn) (10)

Let θ̂h(i) be the harmonic mean from the ith jackknife sample. The average of these
harmonic means is:

θ̂h(.) =
n

∑
i=1

θ̂h(i)

n

The jackknife estimate of bias is given by (n−1)(θ̂h(.)− θ̂h), where θ̂h is the harmonic
mean of the full dataset. The jackknife bias-corrected estimate can then be obtained as
shown in Eq. (11).

θ̂h jack = nθ̂h − (n−1)(θ̂h(.)). (11)

The altered Cox-Snell residual when data is right-censored using the jackknife bias-
corrected estimate is given by Eq. (12).

rjack

Ci
= rCi + θ̂h jack for the ith subject (12)

Interval-Censored Data

Residual analysis under interval-censoring is more complex (Farrington 2000). A prac-
tical method introduced by (Arasan & Midi 2023) uses random imputation. Let S(·) denote
the model-based survivor function. For the ith subject, generate R values from the uni-
form distribution U(S(tRi),S(tLi)), then transform these to obtain pseudo-lifetimes t r

i , for
r = 1,2, . . . ,R. The imputed lifetime is estimated as:

t
′
i =

R

∑
r=1

t r
i
R
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The adjusted Cox-Snell residual for interval-censored data is then:

rint
Ci
= Ĥ(t

′
i ) =− log(Ŝ(t

′
i )) (13)

General Formulation

Combining both scenarios, the modified Cox-Snell residual is defined as:

r∗Ci
=

{
rjack

Ci
if data is right-censored

rint
Ci

if data is interval-censored
(14)

Following that, the adjusted martingale and deviance residuals using the jackknife bias-
corrected estimate are given by Eqs. (15) and (16).

r∗Mi
= δi − r∗Ci

. (15)

r∗Di
= Sgn(r∗Mi

)[−2(r∗Mi
+δi ln(δi − r∗Mi

))]1/2. (16)

The score or Schoenfeld residual (rSi ) was proposed by (Schoenfeld 1982), and is de-
rived from the first derivatives of the log-likelihood function with respect to its parameters.
Consequently, these residuals exhibit varying values for each parameter in the model. Since
the data is both interval- and right-censored, the adjusted score residuals can be obtained
using the imputed lifetimes discussed in Section 2.2. Let,

t̃ =

{
t
′
i for ti interval-censored,

tLi for ti right-censored.
(17)

The log-likelihood for the full sample is given by Eq. (18).

ℓ(β ,γ) =
n

∑
i=1

δi log f (t̃i,β ,γ)+(1−δi) logS(t̃i,β ,γ)

=
n

∑
i=1

δi

[
logγ +(γ −1) log t̃i −β

′xi + t̃γ

i + e−β ′xi(1− et̃γ

i )
]

(18)

+(1−δi)
[
e−β ′xi(1− et̃γ

i )
]

The adjusted score residuals (r∗Si
) can now be calculated from the components of the first

derivatives of the log-likelihood function with respect to its parameters, β and γ , evaluated
at their respective MLEs, see Eqs. (19) and (20).

∂L(β ,γ)
∂β j

=
n

∑
i=1

−xi j

[
δi + e−β ′xi(1− et̃γ

i )
]
, j = 0,1 · · · , p−1, (19)
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∂L(β ,γ)
∂γ

=
n

∑
i=1

[
δi

(
1
γ
+ ln t̃i

)
+ t̃γ

i ln t̃i
(

δi − e−β ′xiet̃γ

i

)]
. (20)

The plot of r∗Si
versus the observation number should be randomly distributed around

zero for a good fit. Index plots of the score residuals for each covariate in the fitted model
are useful at indicating extreme observations and outliers.

3. Simulation study

Two simulation studies were designed to assess different aspects of the proposed resid-
ual diagnostics as follows.

• Simulation Study I (Sim I) was designed to identify the most suitable modified resid-
uals by evaluating their ability to assess model adequacy across different levels of
censoring and sample sizes.

• Simulation Study II (Sim II) builds on the findings of Sim I and investigates the
effectiveness of the best-performing residuals from Sim I in detecting extreme or
influential observations, which is vital for model diagnostics in clinical survival data.

Sim I was conducted using 1000 replications, at n = 50, 80 and n = 120, with approx-
imate right censoring proportions (cp) of 0.30, 0.40, 0.50, 0.55 and 0.60 for the TBPR
model. The objective is to compare the effectiveness of altered Cox-Snell residuals, utiliz-
ing bias-corrected jackknife harmonic mean and multiple imputation, r∗Ci

against r
′
Ci

and r
′′
Ci

,
using mid-point imputation. Mid-point imputation estimates lifetimes by using the average
of the tLi and tRi . It assumes the true value is near the middle of the range. The simulation
study only examines the effectiveness of the altered Cox-Snell residuals, as the values of
the martingale and deviance residuals are based on these altered Cox-Snell residuals.

The values of β0, β1, and γ were set to 3.3, 0.95, and 0.42, respectively, to mimic the
lifetime of cancer data, measured in months. Survival times were derived using the inverse
transformation method. For the ith observation, the censoring time ci follows an expo-
nential distribution with parameter µ , where the value of µ is adjusted to achieve the de-
sired approximate right censoring proportion in our dataset. The covariate was simulated as
a categorical variable with proportions set to P = 0.5 to mimic the distribution of treatment
types among patients. The parameter estimates can be obtained by solving the likelihood
equations using an iterative procedure designed for nonlinear equations. In this study, the
maximum likelihood estimators for all parameters were computed employing the Newton-
Raphson iterative method.

To generate interval-censored data, we utilized a sequence of 24 check-up times,
τ1,τ2, · · · ,τκ , spaced at two-month intervals, assuming all subjects attended these check-
ups. Subsequently, we determined whether the uncensored lifetimes, ti, fell within any of
these intervals. If ti fell within the interval (τm,τm+1) where m ≤ κ , then the corresponding
left and right bounds, tLi and tRi , for the ith observation, were set to τm and τm+1, respectively.
Otherwise, if ti > τκ , ti would be right-censored at τκ .
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To assess the efficacy of various modifications of the Cox-Snell residuals, it is necessary
to derive the estimated Kaplan-Meier survivor function based on the values of these altered
residuals. Let Ŝ(r∗Ci

) represent the estimated Kaplan-Meier survivor function derived from
the adjusted Cox-Snell residuals. The plot of log[− log(Ŝ(r∗Ci

))] against log(r∗Ci
) should ide-

ally manifest as a linear function with unit slope and intercept zero, as expected when the
residuals follow an unit exponential distribution under a correctly specified model. Conse-
quently, by applying the same methodology to the other residuals, their performances can
be compared based on the mean absolute deviation (MAD) of three key metrics: the inter-
cept, slope, and correlation coefficient R, from their ideal values of 0, 1, and 1, respectively,
indicating a well-fitting model.

Sim II, with 1000 replications, was also carried out using sample sizes of 50,80, 200
and 360, along with approximate right censoring proportions (cp) set at 0.10 and 0.30 for
the TBPR model. The covariate was simulated as categorical variable with a proportion
set to P = 0.5 to mimic the distribution of two different treatment types among patients.
The purpose of this simulation study is to assess and compare the effectiveness of the best
adjusted residuals in detecting extreme observations and outliers. Two data points were
randomly chosen and perturbed to yield extreme observations compared to the others. This
was achieved by altering the mth lifetime, tm, by an amount ω = 3.5 scaled by the standard
deviation of the lifetimes, st , and the largest censored observation, tmax, resulting in t

′
m =

tm +ωst + tmax.
The detection percentage was determined based on whether the randomly selected out-

liers produced the two largest absolute values of the adjusted residuals. For the score resid-
uals, the residual corresponding to the covariate parameter was used to detect outliers. The
detection rate was further categorized into two cases: the percentage of datasets where both
outliers were detected and the percentage of datasets where only one outlier was detected.
In some cases, the methods did not detect any outliers. The overall detection rate was cal-
culated by considering both full and partial detections. Specifically, full weight was given
to cases where both outliers were detected, while half weight was assigned to cases where
only one outlier was detected.

3.1. Simulation results

The results of Sim I are given in Figures 1-3. The plots demonstrate that the newly
proposed adjusted residual, r∗Ci

consistently exhibits significantly lower MAD values for
intercept, slope, and correlation coefficient (R) across all levels of censoring proportions
and sample sizes. This indicates superior performance by r∗Ci

in assessing model adequacy.
Although performance of r

′′
Ci

is marginally superior to that of r
′
Ci

, r∗Ci
notably surpasses both

in indicating a well-fitted model. As n increases, the gap narrows, but r∗Ci
still maintains

a clear advantage, supporting its robustness across different data conditions. These results
confirm the effectiveness of the jackknife bias correction and random imputation method in
improving residual-based diagnostics for right- and interval-censored data.

Sim II results, shown in Table 1, evaluate the ability of four adjusted residuals, r∗Ci
, r∗Mi

,
r∗Di

, and r∗Si
, to detect outliers under two censoring scenarios: cp = 0.10 and cp = 0.30.

The values outside parentheses correspond to cp = 0.10, while those in parentheses refer to
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Figure 1. MAD for TBPR model at n = 50
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Figure 2. MAD for TBPR model at n = 80

cp = 0.30. The goal is to measure how often the two deliberately perturbed observations
are correctly identified as the most extreme. The results indicate that the newly proposed
adjusted Cox-Snell residual, r∗Ci

, performs best in detecting both outliers in over 99% of
simulations even at small sample sizes, and maintaining perfect detection rates at n = 200
and above. It is followed by r∗Mi

, then r∗Di
and r∗Si

, in terms of detection accuracy.

The performance of all methods improve as n increases and when n = 360, where all
residuals except the adjusted score residuals achieved 100% detection for both outliers.
When cp = 0.3, r∗Ci

and r∗Mi
remain robust, maintaining overall detection above 95%, even

with a sample size as low as n = 50. However, the performance of r∗Di
declines rapidly,

achieving only 65.9% overall detection compared to r∗Si
, which achieves 86.3%. Once again,

all performances improve as n increases, particularly r∗Di
, which begins to outperform r∗Si

when n ≥ 200. However, only r∗Ci
and r∗Mi

achieve 100% detection for both outliers at all
censoring levels when n = 360.

These findings demonstrate the effectiveness of r∗Ci
for assessing model adequacy and

detecting outliers, especially in complex censoring settings. Comparing the performance of
different residuals across sample sizes and censoring levels also offers practical guidance
for researchers and clinicians in selecting suitable diagnostics for survival analysis. To-
gether, the results from both simulation studies confirm the reliability and robustness of the
proposed residual adjustments.
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Figure 3. MAD for TBPR model at n = 120

Table 1. Percentage detection for different sample sizes and censoring proportions

n Type 2 obs 1 obs Overall
r∗Ci

99.0 (97.5) 1.0 (2.5) 99.5 (98.8)
r∗Mi

97.3 (90.2) 2.7 (9.8) 98.7 (95.1)
50 r∗Di

71.7 (39.6) 26.9 (52.5) 85.2 (65.9)
r∗Si

76.1 (76.3) 20.8 (20.0) 86.5 (86.3)
r∗Ci

100.0 (99.1) 0.0 (0.9) 100.0 (99.6)
r∗Mi

99.7 (97.1) 0.3 (2.9) 99.9 (98.6)
80 r∗Di

86.5 (55.3) 13.2 (40.3) 93.1 (75.5)
r∗Si

84.1 (80.3) 14.5 (16.9) 91.4 (88.8)
r∗Ci

100.0 (100.0) 0.0 (0.0) 100.0 (100.0)
r∗Mi

100.0 (100.0) 0.0 (0.0) 100.0 (100.0)
200 r∗Di

99.0 (89.1) 1.0 (10.9) 99.5 (94.6)
r∗Si

94.3 (88.5) 5.7 (10.7) 97.2 (93.9)
r∗Ci

100.0 (100.0) 0.0 (0.0) 100.0 (100.0)
r∗Mi

100.0 (100.0) 0.0 (0.0) 100.0 (100.0)
360 r∗Di

100.0 (98.5) 0.0 (1.5) 100.0 (99.3)
r∗Si

97.1 (93.8) 2.9(6.1) 98.6 (96.9)

Values outside parentheses correspond to cp = 0.10, while values in parentheses correspond to cp = 0.30.

4. Real example on Hodgkin’s Disease

In this section, we apply the proposed methods to a real dataset to demonstrate the
practical applicability of the modified residuals. The dataset comprises the survival times
(in months) of 35 patients diagnosed with Hodgkin’s Disease and treated with nitrogen mus-
tards, as originally analyzed by (Bartolucci & Dickey 1977). The survival time represents
the duration from treatment initiation to either death or censoring. Patients were classified
into two groups: Group 1 received minimal or no prior therapy, while Group 2 underwent
heavy prior therapy. Among these patients, 9 were right-censored, resulting in a censoring
proportion of cp = 0.257, which falls within the range considered in our simulation studies.

This dataset was selected to evaluate the diagnostic performance of the adjusted residu-
als in detecting model fit and influential observations in a real-world clinical scenario. We
focus on checking the fit of the TBPR model and testing the modified residuals with both
right- and interval-censored data. By comparing the results from our simulations with the
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Figure 4. Turnbull and TBPR Survivor Function Estimates for Hodgkin’s Disease data by
Group

real data, this section will help confirm the findings from the simulation study and shows
how useful the proposed methods are for model diagnostics in a clinical context.

The TBPR model was fitted using the treatment group as a categorical covariate. To
align with the objectives of this study, the data was modified to create interval-censored
data with a 2-month width. To assess the model fit, we obtain the Turnbull estimate of the
survivor function (TB) and compare it with the parametric survivor function obtained using
the TBPR model for each patient group. Figure 4 presents the plots, indicating that employ-
ing the TBPR model would be rather appropriate for the dataset. The survival functions for
the two groups indicate that the patients who received little or no prior therapy have slightly
better chances of survival than the patients who received heavy prior therapy.

Table 2 displays the parameter estimates obtained from fitting the TBPR model to the
Hodgkin’s Disease dataset, with group as the covariate. The p-value associated with β1

indicates a lack of statistically significant difference between patients who received minimal
or no prior treatment and those who underwent heavy prior treatments. According to the
estimated parameters, the median survival time for patients in the first and second groups is
14.5 and 14.2 months, respectively, indicating a relatively small difference. Figures 5 and
6 show the index plots for r∗Ci

, r∗Mi
,r∗Di

, and r∗Si
for the Hodgkin’s Disease data.

All plots except the r∗Di
plot indicate that observation 30 exceeds the two standard devi-

ations from the mean limit, respectively. Thus, it is important that we investigate this obser-
vation thoroughly. Patient 30 had the longest censored lifetime of approximately 40 months
among those who underwent extensive prior treatment. All other observations, whether
they experienced failure (uncensored) or were censored, had survival times shorter than ob-
servation 18. The r∗Si

plot was the only one that singled out observation 18 in addition to
observation 30. This was the second largest censored lifetime of approximately 30 months
among those who underwent extensive prior treatment. All other patients, whether they
experienced an event (failure) or were censored, had survival times shorter than that of ob-
servation 18. However, since observation 18 was not flagged as extreme in either the r∗Ci
and r∗Mi

plots, both of which exhibited superior performance in the simulation study, it is
unlikely to be a true outlier.
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Table 2. Estimates and 95% Wald interval for the parameters of TBPR Model

Parameter Estimates Std.Err Z P Val lower upper

β0 2.794 0.693 4.030 0.000 1.435 4.153
β1 -0.0199 0.404 -0.049 0.961 -0.811 0.772
γ 0.341 0.035 9.830 0.000 0.273 0.410
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Figure 5. Index plot of adjusted Cox-Snell (a) and adjusted martingale (b) residuals for
Hodgkin’s Disease data.

The analysis of the Hodgkin’s Disease dataset confirmed the findings from the simula-
tion studies. The adjusted residuals, particularly r∗Ci

and r∗Mi
, effectively identified obser-

vation 30 as an influential outlier, demonstrating their reliability across both simulated and
practical scenarios. This is clearly illustrated in Figure 5, where observation 30 appears
as a distinct outlier with substantially higher residual values in both the r∗Ci

and r∗Mi
plots,

reinforcing the simulation findings. These results support the practical effectiveness of the
proposed methods in real-world survival analysis, even under moderate censoring. The
TBPR model showed a good fit to the data, and patients with minimal or no prior therapy
exhibited slightly better survival outcomes.

These real data findings align with those observed in Simulation Study II. The adjusted
residuals r∗Ci

and r∗Mi
consistently identified the most extreme observations, confirming their

robustness and diagnostic value. Figure 5 highlights observation 30 as a clear outlier, fur-
ther validating the ability of these residuals to detect influential cases. In addition, the com-
parison of model-based and Turnbull survivor curves supports the adequacy of the TBPR
model. Together, the results demonstrate that the proposed residual adjustments serve as
reliable tools for evaluating model fit and identifying outliers, making them valuable for
practical use in survival analysis with interval- or right-censored data.
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(a) (b)

Figure 6. Index plot of adjusted score (a) and adjusted deviance (b) residuals for Hodgkin’s
Disease data.

5. Conclusion

In this study, we aimed to develop and evaluate modified residuals for model diagnos-
tics in survival analysis, particularly for the TBPR model with right- and interval-censored
data. Specifically, we explored the performance of various residuals modified using bias-
corrected jackknife harmonic means with random imputation. The results of the first simula-
tion study showed that the newly proposed adjusted residual, r∗Ci

, consistently outperformed
other variations of the Cox-Snell residuals in detecting model fit, exhibiting significantly
lower mean absolute deviation (MAD) values across all levels of censoring proportions and
sample sizes. While r

′′
Ci

performed slightly better than r
′
Ci

, r∗Ci
still proved superior in iden-

tifying well-fitted models.
The second simulation study showed that r∗Ci

and r∗Mi
residuals were particularly effective

in detecting influential observations, while r∗Si
and r∗Di

residuals performed poorly, although
their performance improved as sample sizes increased. These findings highlight the im-
portance of selecting the appropriate residuals for specific types of censoring and sample
sizes. Thus, the newly proposed r∗Ci

residual significantly outperformed other variations of
the Cox-Snell residuals in terms of model diagnostics and detecting extreme observations.
Our objective was to improve upon traditional residuals and test their effectiveness through
both simulation and real data.

We also applied the proposed methods to a modified real dataset on Hodgkin’s Disease
patients. The goal was to demonstrate how the proposed residual adjustments perform in
a real-world survival analysis. We focused on assessing the fit of the TBPR model and
testing the modified residuals with both right- and interval-censored data, which are com-
mon in survival analysis. By comparing the results from our simulations with the real data,
we were able to confirm the findings from the simulation study and show how useful the
proposed methods are for model diagnostics in a clinical context. The results showed that
the modified residuals were effective in detecting extreme and influential observations, for
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the TBPR model, which aligns with the objectives of this study. For instance, the r∗Ci
and

r∗Mi
residuals successfully identified outliers in the Hodgkin’s Disease data, confirming their

utility in practical, real-world survival analysis. Therefore, the study’s objectives were suc-
cessfully achieved: the proposed modifications to the Cox-Snell residuals improved model
diagnostics and provided meaningful results in both simulated and real-world data contexts.

The methods presented in this research, being computationally intensive and empirically
driven, can easily be extended to other models, such as bivariate or parallel-system models,
and can handle different types of data, including truncated, left-censored, and mixed-case
censored data. Further exploration could involve using double bootstrap techniques to refine
these diagnostics. Finally, the analysis of the Hodgkin’s Disease dataset illustrates that
the TBPR model is suitable for the data, with patients who received minimal or no prior
therapy having slightly better survival outcomes compared to those who received heavy
prior therapy.

References

Al-Hakeem, H. A., Arasan, J., Mustafa, M. S. B. and Peng, L. F., (2023). Generalized ex-
ponential distribution with interval-censored data and time dependent covariate. Com-
munications in Statistics-Simulation and Computation, 52(12), pp. 6149–6159.

Alharbi, N., Jayanthi, A., Haizum, A. and Ling, W., (2022). Assessing performance of
the generalized exponential model in the presence of the interval censored data with
covariate. Austrian Journal of Statistics, 51(1), pp. 52–69.

Arasan, J., Ehsani, S., (2011). Modeling repairable system failures with interval failure data
and time dependent covariate. Journal of Modern Applied Statistical Methods, 10,
pp. 618–624.

Arasan, J., Lunn, M., (2008). Alternative interval estimation for parameters of bivariate
exponential model with time varying covariate. Computational Statistics, 23, pp. 605–
622.

Arasan, J., Lunn, M., (2009). Survival model of a parallel system with dependent failures
and time varying covariates. Journal of Statistical Planning and Inference, 139(3),
pp 944–951.

Arasan, J., Midi, H., (2021). Jackknife and bootstrap estimates for modified residuals of
the log-logistic model. in AIP Conference Proceedings, Vol. 2423(1), AIP Publishing
LLC, p. 070009.

Arasan, J., Midi, H., (2023). Bootstrap based diagnostics for survival regression model with
interval and right-censored data. Austrian Journal of Statistics, 52(2), pp. 66–85.

Bartolucci, A. A., Dickey, J. M., (1977). Comparative bayesian and traditional inference for
gamma-modeled survival data. Biometrics pp. 343–354.



152 J. Arasan: Jackknife-based diagnostics for non-monotonic hazard...

Chen, Z., (2000). A new two-parameter lifetime distribution with bathtub shape or increas-
ing failure rate function. Statistics & Probability Letters, 49(2), pp. 155–161.

Cox, D. R., Snell, E. J., (1968). ‘A general definition of residuals. Journal of the Royal
Statistical Society: Series B (Methodological), 30(2), pp. 248–265.

Crowley, J., Hu, M., (1977). Covariance analysis of heart transplant survival data. Journal
of the American Statistical Association, 72(357), pp. 27–36.

Efron, B., Tibshirani, R. J., (1994). An Introduction to the Bootstrap, Chapman & Hall/CRC,
New York.

Fang, L. Y., Arasan, J., Midi, H. and Bakar, M. R. A., (2015). Jackknife and bootstrap
inferential procedures for censored survival data. in AIP Conference Proceedings, Vol.
1682(1), AIP Publishing.

Farrington, C. P., (2000). Residuals for proportional hazards models with interval-censored
survival data. Biometrics, 56(2), pp. 473–482.

García Meixide, A., Lema, M. and Vilar, J. M., (2024). A bayesian semiparametric mix-
ture cure model for doubly interval-censored data. Computational Statistics & Data
Analysis, 190, p. 107925.

Huber, P. J., (1981). Robust Statistics, Wiley Series in Probability and Mathematical Statis-
tics, Wiley, New York.

Ismail, I., Arasan, J., Safie, M. and Mohd Safari, M. A., (2022). Bathtub hazard model
with covariate and right censored data. Journal of Quality Measurement and Analysis
JQMA, 18(3), pp. 1–15.

Kiani, K., Arasan, J., (2013). Gompertz model with time-dependent covariate in the pres-
ence of interval-, right-and left-censored data. Journal of Statistical Computation and
Simulation, 83(8), pp. 1472–1490.

Kiani, K., Arasan, J., Midi, H. et al., (2012). Interval estimations for parameters of gom-
pertz model with time-dependent covariate and right censored data. Sains Malaysiana,
41(4), pp. 471–480.

Lai, M. C., Arasan, J., (2020). Single covariate log-logistic model adequacy with right and
interval censored data. Journal of Quality Measurement and Analysis, 16(2), pp. 131–
140.

Lawless, J. F., (1982). Statistical Models and Methods for Lifetime Data, Wiley, New York.

Lou, Y., Li, G. and Sun, J., (2024). Interval-censored quantile regression based on fractional
counting process. Statistical Analysis and Modeling, XX(XX), pp. 1–20.

Manoharan, T., Arasan, J., Midi, H. and Adam, M. B., (2015). A coverage probability on the
parameters of the log-normal distribution in the presence of left-truncated and right-
censored survival data. Malaysian Journal of Mathematical Sciences, 9(1).



STATISTICS IN TRANSITION new series, March 2026 153

Manoharan, T., Arasan, J., Midi, H. and Adam, M. B., (2017). Bootstrap intervals in the
presence of left-truncation, censoring and covariates with a parametric distribution.
Sains Malaysiana, 46(12), pp. 2529–2539.

Manoharan, T., Arasan, J., Midi, H. and Adam, M. B., (2020). Influential measures
on log-normal model for left-truncated and case-k interval censored data with
time-dependent covariate. Communications in Statistics-Simulation and Computation,
49(6), pp. 1445–1466.

Naslina, A. M. N. N., Jayanthi, A., Syahida, Z. H. and Bakri, A. M., (2020). Assessing the
goodness of fit of the gompertz model in the presence of right and interval censored
data with covariate. Austrian Journal of Statistics, 49(3), pp. 57–71.

Pal, N., Peng, Y. and Aselisewine, S., (2023). Bayesian cure rate modeling of interval cen-
sored data based on negative binomial distribution. Statistics & Probability Letters,
204, p. 109984.

Schoenfeld, D., (1982). Partial residuals for the proportional hazards regression model.
Biometrika, 69(1), pp. 239–241.

Sun, J., (2006). The statistical analysis of interval-censored failure time data, Vol. 3, No. 1,
Springer.

Zhang, J., Li, G. and Weng, C., (2023). A semiparametric transformation model for multi-
variate interval-censored failure time data. Lifetime Data Analysis, 30, pp. 41–65.

Zhou, H., Sun, J., (2021). Semiparametric transformation model for interval-censored sur-
vival data with covariate measurement error. Biometrics, 77(2), pp. 523–535.

Zhou, H., Sun, J. and Ibrahim, J. G., (2021). A review on interval-censored survival data:
models, inference methods, and applications. Statistical Methods in Medical Research,
30(5), pp. 1312–1336.





 

 

STATISTICS IN TRANSITION new series, March 2026 
Vol. 27, No. 1, pp. 155–168, https://doi.org/10.59139/stattrans-2026-009 
Received – 09.05.2025; accepted – 06.11.2025 

The application of BERTopic models to the analysis of Polish 
research publications in the field of economics and management 

Paweł Lula1 

Abstract 

The main objective of the article is to analyze topics from the field of economics and 
management discussed in the Polish publications from 2000 to 2024. The research process 
allowed the identification of the main topics and the evaluation of their importance in 
subsequent years covered by the analysis. The BERTopic model was chosen as the main 
research method. The paper presents both the theoretical basis of the employed research 
method and the results of its application to the analysis of the Polish publication achievements 
registered in the Scopus database. The paper presents a description of topics identified, 
a specification of the relationship between them and changes in the importance of each topic 
between 2000 and 2024. All calculations were performed using computer programs prepared 
in Python language. 

Key words: publication achievements, topic modelling, BERTopic method. 

1.  Introduction 

The analysis of issues discussed in Polish publications related to the field of 
economics and management in the period 2000–2024 was the main goal of the research. 
Topic modelling, and BERTopic model in particular, was chosen as the main research 
tool. 

Topic modelling belongs to main subareas of the natural language processing.  
It allows for identification of main issues raised in large collections of documents and 
for the evaluation of the significance of identified topics. The development of methods 
of topic modelling and analysis can be observed since the 1990s. A brief overview of the 
approaches used in this field can be found in Section 2 of the paper. Section 3 presents 
BERTopic models, while Section 4 discusses methods for assessing topic model’s 
quality. Section 5 presents the results of the analysis of Polish publication achievements 
in the area of economics and management in the period 2000–2024. 
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2.  Topic modelling 

Topic modelling allows for the identification and description of main issues 
discussed in a collection of documents. Having analyzed works on the use of statistical 
methods for natural language processing, several different approaches to the problem 
of topic modelling in documents can be identified: 
1. Algebraic methods – among which Latent Semantic Analysis (LSA) (Deerwester et 

al., 1990) is the best known solution. This method is based on frequency matrix 
representation and allows for the presentation of documents and words in  
a common base in which dimensions correspond to latent semantic components 
that can be interpreted as the main issues represented in the corpus. From the 
computational side, LSA is based on the SVD decomposition of the frequency 
matrix. Also, non-negative matrix factorization can be used for topics identification 
(Lee and Seung, 1999).  

2. Probabilistic methods – in this approach every topic is described by specifying the 
distribution over words and every document is represented by the distribution over 
topics. Latent Dirichlet Allocation (LDA) (Blei, Ng and Jordan, 2003) method is the 
best known representative of this group of models. LDA can be considered as  
a generalization of the probabilistic latent semantic analysis (Hofmann, 1999). 

3. Transformer-based models. Transformers can be defined as linguistic models that 
are able to process sequences of tokes (Vaswani et al., 2017). They take into account 
the semantic aspects of words by using an embedding-based representation. They 
allow of describing the relationships between words through the use of the attention 
mechanism. Complex neural networks are used in their construction, where the 
learning process is carried out based on large corpora of documents. BERTopic 
technique is one of the most popular approaches belonging to this group of models 
(Grootendorst, 2022). 

3.  BERTopic model 

BERTopic technique allows for the identification, description and analysis of topics 
discussed in the collection of documents. This method consists of the following steps: 

1. Calculation of sentence embeddings. 

2. Dimensionality reduction of embeddings. 

3. Identification of topics by clustering of reduced embeddings. 

4. Building topic’s description. 
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3.1.  Calculation of sentence embeddings 

An embedding is a vector representing a given object in the semantic space. The 
more similar the objects are to each other, the smaller the distance between their 
embeddings. In natural language processing, embeddings can represent words, 
sentences, paragraphs or whole documents. Embeddings should present linguistic 
objects embedded in their context. One of the first researchers to draw attention to the 
crucial role of context in understanding words was John Rupert Firth (Firth, 1962). 

For comprehensive presentation of the process of calculating embeddings of 
sentences, the architecture of the BERT model should first be presented (Devlin et al., 
2019). Taking the transformer architecture as a starting point, it can be concluded that 
the BERT model performs the functions of the encoder, which determines the 
numerical representation for tokens comprising the input sequence. BERT is a neural 
network model which: 
 takes as input a sequence of tokens forming two sentences, 

 is trained to solve two types of tasks: predicting the missing word in a sentence 
based on the remaining words, and checking whether two input sentences form  
a logical sequence, 

 uses the attention mechanism to describe the relationships between words forming 
input sentences, 

 is used for the calculation of embeddings - output values of the neural network 
calculated for a given input word form its embedding. 

SBERT (Reimers and Gurevych, 2019) is a version of the BERT model optimized to 
calculate sentence embeddings. For SBERT model, it is assumed that one sentence is 
provided as an input and that values of embedding vector for the whole sentence are 
produced as an output. 

3.2.  Dimensionality reduction of embeddings 

Sentence embeddings calculated with the use of the SBERT model are vectors with 
several hundred elements. During the current step of the analysis, embeddings are 
reduced to vectors of a few or a dozen elements. Most often this operation is performed 
using the UMAP (Uniform Manifold Approximation and Projection for Dimension 
Reduction) algorithm, which was introduced in (McInnes, Healy and Melville, 2020). 

The UMAP algorithm uses weighted graphs to describe the structure of objects in 
high-dimensional space and the structure of objects’ projections in low-dimensional 
space. The main objective of the method is to determine such a configuration of objects 
in a low-dimensional space for which the dissimilarity measure between the graphs 
describing the distribution of objects in each space will be the smallest. In graphs 
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describing the distribution of objects, edges are created between each node and its 𝑛 
nearest neighbours. The weight assigned to the edge between 𝑖-th and 𝑗-th vertex 
defines the probability that a relationship between these vertices exists. All probabilities 
of link existence between the 𝑖-th vertex and the vertices not belonging to its 
neighborhood are assumed to be zero. The matrices 𝐖௡ൈ௡ and 𝐕௡ൈ௡ are the weight 
matrices of the graphs describing the arrangement of objects in high-dimensional and 
low-dimensional space. Cross entropy is taken as a measure of the dissimilarity of 
graphs: 
 𝐻ሺ𝐖, 𝐕ሻ ൌ െ ∑ 𝑤௜௝ log 𝑣௜௝ ൅ ൫1 െ 𝑤௜௝൯ log൫1 െ 𝑣௜௝൯௜,௝  (1) 

Using the UMAP method, the optimization algorithm searches for such a 
distribution of object projection in low-dimensional space for which 𝐻ሺ𝐖, 𝐕ሻ takes the 
smallest value.  

To summarize the current section, it may be stated that the UMAP-step transforms 
sentence embeddings into vectors with several elements, in a way that minimizes the 
loss of semantic information of sentences. 

3.3.  Cluster analysis of reduced embeddings 

In this step of the analysis sentence embeddings are grouped into clusters with the 
use of the HDBSCAN method (Hierarchical Density-Based Spatial Clustering of 
Applications with Noise) (Campello Ricardo J. G. B.  and Moulavi, 2013).  

In the first step, the HDBSCAN method estimates the probability density function 
for the analyzed set of points. Next, potential clusters are extracted by finding regions 
of data space corresponding to every peak of probability density function. The main 
problem which should be solved is related to the distinction of peaks representing 
clusters from peaks corresponding to a group of objects forming a part of a larger 
cluster. This decision is based on the comparison of probability masses of descendant 
clusters with the probability mass of ancestor cluster reduced by the sum of children 
masses. If probability masses of descendant clusters are dominant then a current cluster 
should be split into two new clusters. HDBSCAN splits objects into clusters in a way 
that maximizes the sum of probability masses of recognized clusters. 

The idea presented above is implemented by performing the following steps: 
1. Calculation of mutual reachability distances between every pair of embeddings. 

Let us assume that 𝑑ሺ𝑥, 𝑦ሻ is a distance between 𝑥 and 𝑦 points and 𝑟௫௡ and 𝑟௬௡ are 
radii of the smallest circles with centers respectively at point 𝑥 and 𝑦 containing 𝑛 
points belonging to the neighborhood of each of these points. Then the mutual 
reachability distance between 𝑥 and 𝑦 point may be defined as: 

 𝑑ெோ஽ሺ𝑥, 𝑦ሻ ൌ 𝑚𝑎𝑥൫𝑑ሺ𝑥, 𝑦ሻ, 𝑟௫௡, 𝑟௬௡൯ (2) 
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If points being compared are densely distributed in the space, then 𝑑ெோ஽ሺ𝑥, 𝑦ሻ is 
equal to 𝑑ሺ𝑥, 𝑦ሻ. In the case of sparsely distributed points, the 𝑑ெோ஽ሺ𝑥, 𝑦ሻ is greater 
than 𝑑ሺ𝑥, 𝑦ሻ.  

2. Building a minimum spanning tree (MST). 
Every pair of objects 𝑥 and 𝑦, for witch 𝑑ெோ஽ሺ𝑥, 𝑦ሻ ൐ 0 is linked by an edge to 
create an undirected graph with 𝑑ெோ஽ሺ𝑥, 𝑦ሻ as weights. Next, a minimum spanning 
tree is found with the use of Prim’s algorithm (Prim, 1957). This operation is 
equivalent to dendrogram building with the use of single linkage method and 
mutual reachability distance. 

3. Performing a pruning process. 
Leaves of the MST are combined to form groups containing the required number 
of objects. 

4. Extraction of clusters. 
The main objective of this step is to answer the question whether the probability 
mass of the descendant clusters is high enough to separate them into separate 
clusters. Estimation of the probability mass corresponding to a given cluster is 
performed by analyzing the weights assigned to the edges leading from the node 
forming a given cluster to the nodes where potential descendant clusters are 
created. 
During this step of analysis sentences are grouped into clusters. Clusters in which 

the number of elements exceeds the declared threshold value are treated as topics. The 
remaining sentences are treated as noise. 

3.4.  Building topic’s description 

For every extracted topic, its description is built. It has a form of a sequence of 
words which are crucial to a given topic. A class-based version of the TFIDF schema is 
used to create topic description (Sparck Jones, 1972). The algorithm is composed of 
several steps: 
1. All sentences assigned to every cluster are merged into separate document, 
2. For a set of documents obtained as a result of step 1, a frequency matrix 𝐓𝐅ሾௐൈ஼ሿ ൌ

ൣ𝑓௜௝൧, where 𝑖 ൌ 1, … , 𝑊 indicates a word, and the 𝑗 ൌ 1, … , 𝐶 represents a cluster, 
symbol 𝑓௜௝ denotes the number of occurrences of the 𝑖-th word in the 𝑗-th cluster.  

3. Weights are calculated with the use of the formula: 

 𝑤௜௝ ൌ 𝑓௜௝ ൈ log ቀ1 ൅
஺

௙೔
ቁ (3) 

where 𝐴 is an average number of words per class and 𝑓௜ denotes frequency of the 𝑖-th 
word across all classes. 
4. Labels for 𝑗-th cluster are created by merging words with highest values of 𝑤௜௝. 
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4.  BERTopic model quality 

One of the main methods used to evaluate topic models is coherence measure 𝐶௏, 
which can be defined as the average of consistency coefficients calculated for the 𝑛 most 
important words for each topic. The below presentation of 𝐶௏ is based on (Rijcken, 
2023). 

The concept of pointwise mutual information (PMI) is a starting point for defining 
the consistency of words. PMI is a measure of association between two events 𝑥 and 𝑦 
and can be defined as: 

 pmiሺ𝑥; 𝑦ሻ ൌ log
௉ሺ௫;௬ሻ

௉ሺ௫ሻ௉ሺ௬ሻ
 (4) 

PMI compares the probability of the simultaneous occurrence of two events with 
the probability of their simultaneous occurrence when they are independent. The PMI 
value can be normalized using the formula: 

 npmiሺ𝑥; 𝑦ሻ ൌ
୮୫୧ሺ௫;௬ሻ

ି ୪୭୥൫௉ሺ௫;௬ሻ൯
 (5) 

where npmi is a normalized (to ሾെ1; 1ሿ range) pointwise information and 
െ log൫𝑝ሺ𝑥; 𝑦ሻ൯ is a self-information (Shannon information) related to the message 
about simultaneous occurrence of 𝑥 and 𝑦. 

Assuming that: 

 𝑫 ൌ ൛𝑑ଵ, 𝑑ଶ, … , 𝑑|𝑫|ൟ is a set of documents, 

 𝒅𝒊 ൌ ൣ𝑤௜,ଵ
ௗ , 𝑤௜,ଶ

ௗ , … , 𝑤௜,|ௗ೔|
ௗ ൧ defines the 𝑖-th document as a list of words, 

 𝑆ሺ𝑑௜ , 𝑗, 𝜎ሻ is a sliding window defined for the 𝑖-th document, starting at the 𝑗-th 
position and including 𝜎 words, 

 𝑇 ൌ ൛𝑡ଵ, 𝑡ଶ, … , 𝑡|்|ൟ is a set of identified topics, 

 𝑉௞ ൌ ൣ𝑣௞,ଵ, 𝑣௞,ଶ, … , 𝑣௞,ே൧ defines a list of 𝑁 words defining the 𝑘-th topic. 

Next, the matrix of association coefficients between words defining every topic 
should be created. For topic 𝑘 the matrix 𝐐௞ has a form: 

 𝐐௞ ൌ ቎
𝑞ଵ,ଵ

௞ … 𝑞ଵ,ே
௞

… … …
𝑞ே,ଵ

௞ … 𝑞ே,ே
௞

቏ (6) 

where: 

 𝑞௫,௬
௞ ൌ 𝑛𝑚𝑝𝑖൫𝑣௞,௫, 𝑣௞,௬൯ (7) 
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For topic 𝑘, normalized PMI values are calculated using probabilities of occurrence 
of words 𝑣௞,௫ and 𝑣௞,௬ inside the sliding window 𝑆ሺ𝑑௜ , 𝑗, 𝜎ሻ moving through all 
documents in 𝑫. It may be expressed as: 

 𝑛𝑚𝑝𝑖൫𝑣௞,௫, 𝑣௞,௬൯ ൌ
୪୭୥

ುቀೡೖ,ೣ,ೡೖ,೤ቁశഄ

ುቀೡೖ,ೣቁುቀೡೖ,೤ቁ

ି ୪୭୥൫௉൫௩ೖ,ೣ,௩ೖ,೤൯ାఌ൯
 (8) 

where 𝑃൫𝑣௞,௫, 𝑣௞,௬൯ is defined as: 

 𝑃൫𝑣௞,௫, 𝑣௞,௬൯ ൌ
∑ ∑ ௚൫௔,௕,ఙ,௩ೖ,ೣ,௩ೖ,೤൯|೏ೌ|ష഑శభ

್సభ
|ವ|
ೌసభ

∑ ሺ|ௗೌ|ିఙାଵሻ|ವ|
ೌసభ

 (9) 

where: 

 𝑔൫𝑎, 𝑏, 𝜎, 𝑣௞,௫, 𝑣௞,௬൯ ൌ ൜
1 𝑖𝑓 𝑣௞,௫, 𝑣௞,௬ ∈ 𝑆ሺ𝑑௔, 𝑏, 𝜎ሻ
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (10) 

and 𝑃൫𝑣௞,௫൯ is calculated using the formula: 

 𝑃൫𝑣௞,௫൯ ൌ
∑ ∑ ௛൫௔,௕,ఙ,௩ೖ,ೣ൯|೏ೌ|ష഑శభ

್సభ
|ವ|
ೌసభ

∑ ሺ|ௗೌ|ିఙାଵሻ|ವ|
ೌసభ

 (11) 

where: 

 ℎ൫𝑎, 𝑏, 𝜎, 𝑣௞,௫൯ ൌ ൜1 𝑖𝑓 𝑣௞,௫ ∈ 𝑆ሺ𝑑௔, 𝑏, 𝜎ሻ
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (12) 

Next, for every topic, vector 𝑴௞ is calculated: 

 𝑴௞ ൌ ൣ𝑚௞,ଵ, 𝑚௞,ଶ, … , 𝑚௞,ே൧ ൌ ൣ∑ 𝑞௝,ଵ
௞ே

௝ୀଵ , ∑ 𝑞௝,ଶ
௞ே

௝ୀଵ , … , ∑ 𝑞௝,ே
௞ே

௝ୀଵ ൧ (13) 

Elements of 𝑴௞ are calculated as sums of values located in subsequent columns of 
𝐐௞. 𝑴௞ may be treated as a 𝑘-th topic representation. 

To calculate the coherence measure for a given set of topic, the 𝑪 matrix is first 
calculated. 

 𝑪ሾ|்|ൈேሿ ൌ ቎
𝑠𝑖𝑚ሺ𝑴ଵ, 𝒒ଵ

ଵሻ … 𝑠𝑖𝑚ሺ𝑴ଵ, 𝒒ே
ଵ ሻ

… … …
𝑠𝑖𝑚ቀ𝑴|்|, 𝒒ଵ

|்|ቁ … 𝑠𝑖𝑚ቀ𝑴|்|, 𝒒ே
|்|ቁ

቏ (14) 

where symbols 𝒒௝
௞ represent the 𝑗-th row of the 𝐐௞ matrix and 𝑠𝑖𝑚ሺ. ሻ is a cosine 

similarity between vectors. 

Finally, the coherence measure 𝐶௏ is calculated as an arithmetic average of elements 
of the 𝑪 matrix. 
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Values of the 𝐶௏ coefficient belong to the range ሾ0; 1ሿ. Higher values indicate higher 
consistency of topics. When deciding on the number of topics, it is advisable to 
maximize this indicator. 

5.  The analysis of Polish research publications in the fields of economics 
and management 

5.1.  The scope of the analysis 

The dataset included titles and abstracts of research publications published in the 
period 2000–2024, with at least one Polish author, registered by the Scopus database 
and assigned to BUSI (business), ECON (economics) or DECI (decision science) areas. 
The total number of publications which met the above conditions was 36445, but the 
analysis covered 35626 publications that had a title and an abstract in English. 

Basic quantitative indicators describing the whole set of Polish publication 
achievements (36445 works) are presented in Figure 1. 

 

 
Figure 1.  Number of publications (bar plot, right axis), number of citations per publication (average 

value – blue solid line, left axis; median value – red dotted line, left axis)  

Source: own work based on Scopus database. 

A rapidly increasing number of publications can be seen by 2021. The number of 
published papers seems to stabilize in the following years. In contrast, the number of 
citations per published paper has been decreasing over the past 15 years. 
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5.2.  BERTopic model building and interpretation 

The BERTopic model was used for the analysis of titles and abstracts of Polish 
publications. First, documents were split into tokens with a form of sentences. All 
tokens with 28 or less letters were removed (these tokens most often contained names 
of publishing houses or names of affiliated institutions). Finally, in the analysis 283576 
sentences were used. 

Next, embeddings for sentences were calculated with the use of the SBERT model. 

Several BERTopic models were tested and finally the model with 9 topics was 
chosen. This decision was taken on the basis of the 𝐶௏ coherence, which, depending on 
the number of topics, took values shown in Table 1. 

Table 1.  Values of the 𝐶௏ coherence for models with different number of topics 

Number of topics 𝑪𝑽 

6 0.4228 

7 0.4338 

8 0.4438 

9 0.4823 

10 0.4643 

Source: own work. 

Table 2 shows the number of tokens (sentences) assigned to every topic.  

Table 2.  Number of sentences assigned to every topic 

Topic ID Topic -1 Topic 0 Topic 1 Topic 2 Topic 3 

Count 133358 108453 18851 13650 3351 

Topic ID Topic 4 Topic 5 Topic 6 Topic 7  

Count 2432 1689 1656 136  

Source: own work. 

Topic -1 represents all sentences which have been identified as noise and are not 
related to any of the recognized topics. 

In order to interpret each topic, lists of the words most closely related to each topic 
have been created (Figure 2). 
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Figure 2.  The most important words for identified topics  

Source: own work.  

Topic 0 covers issues related to economic development and management methods 
and their implementation in Poland. The key issue addressed under Topic 1 is decision 
support methods. Topic 2 represents issues specific to commodity science. Issues 
specific to natural environment and regional development are discussed within Topic 
3. Subjects related to image processing are discussed under Topic 4. Health care issues 
are related to Topic 5. Biology and genetics issues are related to Topic 6. Topics 7 is 
related to mathematics, in particular to geometry. 

Issues specific to identified topics are in many cases related to each other. 
A visualization of the similarity matrix is shown in Figure 3. 

 
Figure 3.  Visualization of the similarity matrix between topics  

Source: own work.  
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A useful tool for analyzing relationships between topics can also be an intertopic 
distance map presented in Figure 4. 

 
Figure 4.  Intertopic distance map for identified topics  
Source: own work.  

An analysis of Figure 4 indicates that three groups of themes can be identified: 
 Group 1: Topic 1, Topic 4, Topic 7. 
 Group 2: Topic 0, Topic 3, Topic 5. 
 Group 3: Topic 2, Topic 6. 

In the next step of the research, a sentence-topic matrix was estimated to determine 
the importance of every topic in every single sentence. Next, information about topic 
contribution to every sentence was aggregated at the level of every document. The 
aggregation was done by calculating geometric average for values relating to sentences 
that formed a given document. Then, using the same approach, an aggregation of the 
importance of each topic was carried out for each year included in the scope of analysis. 
The results are presented in Figure 5. 

 
Figure 5.  Changes in topics’ importance in Polish research works over years  
Source: own work.  
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Analyzing the data presented in Figure 5, it is worth noting that the values 
presenting the importance of each topic in consecutive years are relative (they add up 
to unity for each year). At the beginning of the current century, the greatest publication 
achievements were related to decision support systems and commodity science. Since 
the second decade of the 21st century, economic development and management issues 
have played a key role in the publication output. In contrast, the importance of 
commodity science and decision support systems has been declining. Interest in image 
processing methods, which fall under the umbrella of multivariate analysis, is also 
noticeable. The importance of the other topics was rather low. 

6.  Conclusions 

The research carried out allows for formulation of the following conclusions: 

1. In quantitative terms, the Polish publication achievements in the field of economics 
and management has increased significantly since the beginning of this century, 
although the number of publications stabilized in the last few years. The growth 
potential seems to be exhausted. 

2. The quality of the analyzed publication achievements, measured by the number of 
citations, has not shown any positive change for the last 15 years. 

3. Main topics discussed in Polish publications included: economic development, 
management methods, decision support solutions, commodity science issues, 
natural environment and regional development, health care system, biology and 
genetics and mathematics. 

4. Topics related to economic development and management issues gained the most 
importance in the last two decades. 

5. Decision support systems and commodity science issues have lost their relevance. 

6. The importance of the quantitative approach remains noticeable and unchanged. 

7. The remaining topics have relatively small significance. 

8. The use of the BERTopic model has made it possible to analyze large text datasets 
and aggregate the results. 

9. Further research on BERTopic and other topic modelling methods should be 
considered as necessary. 
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The role of education and gender in shaping career paths of Polish 
millennials: a shared frailty survival model analysis 

Wioletta Grzenda1, Agnieszka Marszałek2 

Abstract 

Our study aims to examine the influence of gender and the level of education on job mobility 
among young employees, using the Polish labor market as an example. When analyzing job 
changes, we go beyond previous studies by considering the duration of individual job 
episodes and the time-varying nature of some characteristics in young people, such as the 
level of education or the marital status. Our analysis was based on survival analysis methods, 
including frailty models. Using data from the Generation and Gender Survey, we found that 
the impact of the examined factors on job mobility varied by gender. We observed that the 
influence of having a child on job mobility was significant only for women. Mothers had  
a lower risk of job changes than childless women. The stabilization of men's careers takes 
place over time and is associated with leaving the family home and marriage. Moreover, 
having higher education has a greater impact on the risk of job changes for men than for 
women. 

Keywords: education, gender, job mobility, survival analysis. 

1.  Introduction 

Millennials, known as the Y generation, consider work less significant in their lives, 
prioritize leisure to a greater extent, and exhibit a weaker work ethic compared to 
individuals from the Baby Boomers and Generation X (Twenge, 2010). Moreover, 
Millennials are perceived as people who are motivated by higher pay, quickly become 
dissatisfied and leave their jobs (AbouAssi et al., 2021). Simultaneously, young 
employees expect job stability as much or even more than their counterparts from the 
Baby Boomer and Generation X generations at the same age (Twenge, 2010). Larasati 
and Aryanto (2020) point to Generation Y as a generation that, despite many advantages, 
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such as self-confidence, independence and social activity, has a poor reputation as job-
hoppers. Job-hopping refers to an employee’s frequent and voluntary inter-
organizational transitions, not necessarily related to a change in the nature of work 
itself (Steenackers and Guerry, 2016; Lake et al., 2018). This phenomenon was initially 
referred to as the 'hobo syndrome' in the 1970s and was explained as the tendency for 
an employee to migrate between organizations, driven not necessarily by rational 
motives but rather by a sudden urge for change (Ghiselli, 1974). The purpose of such 
behavior is to find the best job to meet some subjective criteria. One of them may be  
a willingness to increase earnings that can be obtained by offering one’s work 
experience to another employer. The Redmond and McGuinness (2019) study results 
confirm that previous status employment influences future employee wage increases. 
However, the impact of job mobility on wage growth depends on gender and education 
(Pearlman, 2018). 

Analyses of young people's behavior in the labor market indicate a negative 
correlation between a person's age and their propensity to switch employers. At the 
beginning of their careers, young people are more likely to switch jobs than their older 
colleagues (Steenackers and Guerry, 2016). Moreover, young women tend to job-hop 
significantly more than young men. Also, Larasati and Aryanto (2020), based on a lite-
rature review, conclude that young women change jobs more often than young men. 
The objective of our study is to examine the influence of gender and education on job 
mobility among people from Generation Y. Furthermore, as we analyze the factors 
influencing gender-related job changes, we investigate the causes of excessive job 
mobility and discuss the consequences of job-hopping. 

In our study, we focus on Poland as an example of a country where unemployment 
among young people is particularly low compared to other European countries 
(Eurostat, 2023). However, traditional gender-based social roles in this country are still 
considered important (Kasprzak, 2023). Moreover, research shows that professional 
and family careers are interdependent (Landmesser, 2013; Grzenda, 2019). We used 
data from the first and second waves of the Polish Generations and Gender Survey 
(GGS), which were conducted in 2010–2011 and 2014–2015, respectively. While the 
realm of Millennials' behavior in the job market has been thoroughly explored, there 
are still some gaps that lead us to the following research questions: (Q1) What are the 
differences in the impact of factors determining job mobility based on gender? (Q2) 
What impact does education have on the risk of job changes?  

Our contribution to the literature is twofold. First, we aim to go beyond previous 
studies by identifying differences by gender in the impact of factors such as education, 
age, and having a child on the risk of job mobility. Second, we make full use of the 
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longitudinal approach, taking into account in the analysis not only job changes but also 
the duration of each job episode as well as changes over time in the values of other 
characteristics, such as education or marital status. Thus, the results of our study 
contribute to research on the importance of the role of gender and education in the 
employment decisions of young people and on the factors that predispose individuals 
to follow a specific career path.  

2.  Review of the literature 

2.1.  Labor turnover and job mobility  

The primary driver for job changes among Millennials is the pursuit of job satisfac-
tion (Campione 2015; Hassan et al., 2020). However, as highlighted by Campione 
(2015), the factors that push them away tend to carry more weight than the positive 
factors that draw them in. One of the factors influencing the retention of Millennials  
in a company is pay. Redmond and McGuinness (2019) show that individuals who have 
worked for another employer before taking up their current position are more likely to 
receive pay raises than people who were previously unemployed. However, too frequent 
job changes do not necessarily yield positive outcomes. Yankow (2022) found that in-
dividuals who exhibit moderate job changes within the first 2 years of entering the 
labor market but subsequently reduce their mobility actually achieve higher wages 
compared to both those who remain in the same job and those who consistently change 
jobs. Generation Y's inclination for frequent job changes in pursuit of fulfilling work 
challenges employers in retaining skilled labor and coping with high turnover within 
this generation (Hassan et al., 2020). According to the human capital theory, the 
departure of an experienced or skilled worker may result in a decrease in future 
productivity (Becker, 1964). It is claimed that apart from the loss of tacit knowledge 
and experience, employee turnover is also associated with excessive costs related to HR 
administration and recruitment and training costs of new workers (Huang and Zhang, 
2016). The consequences of losing an employee, especially management staff, are so 
great that companies, after losing executives to other companies, significantly increase 
their incumbent executives' pay (Gao et al., 2015). Furthermore, the departure of one 
employee might have a negative impact on the job satisfaction and productivity of other 
employees who stay within the organization (Steenackers and Guerry, 2016). 
Companies wishing to retain Millennials in the organization should focus primarily 
on work-life balance issues, flexible time, and paid leave, and avoid extreme hours and 
irregular hours schedules worked (Twenge, 2010; Campione, 2015). 
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2.2.  Job mobility and gender 

The research results on the behavior of young people in the labor market do not 
indicate clear conclusions regarding the tendency toward job mobility by gender. There 
has been a long-standing debate in the literature about the gender differences in 
employment and wage (Wootton, 1997; Pedulla 2016; Blau and Kahn, 2017; Reichelt et 
al., 2021; Zamarro and Prados, 2021) as well as the relationships between paid work and 
motherhood (Boeckmann et al., 2015; Zhou, 2017; Cabello-Hutt, 2020; Cukrowska-
Torzewska and Matysiak 2020; Schmitt, 2021). Based on the above literature, it can be 
concluded that gender inequality in the labor market is a consequence of various factors 
and does not necessarily reflect the biological roles fulfilled by women. According to 
Boeckmann et al. (2015), maternal employment is shaped by institutional and cultural 
contexts, which make men less involved in caring for small children than women. Looze 
(2017) found that preschool-age children largely immobilize white American women, 
as they discourage these women from making types of voluntary job changes. On the 
other hand, in the initial stages of their careers, women are more likely than men to 
change employers (Steenackers and Guerry, 2016). This is related to the search for a 
rewarding and stable job that will allow for childcare after starting a family. Similar 
conclusions are provided by the results of earlier research by Matysiak (2009) on 
fertility and female employment in Poland. It was found that young Polish women, 
before starting a family, are highly active in their search for a stable position in the labor 
market that would enable them to pursue their professional lives and have children 
(Matysiak, 2009). Also, Kaufman and White (2015), when examining gender 
differences among Swedish workers, showed that having secure employment is more 
important for women than for men. The lower willingness of women to quit their jobs 
has also been confirmed by Moynihan and Landuyt (2008) when examining state 
government jobs. Disparities in career path patterns and tendencies to change 
employers based on gender and parental status influence one's professional career 
trajectory, and consequently, disparities in current and future wages. Reshid (2019) 
found that although men and women change jobs and occupations simultaneously, 
women receive a significantly lower wage return on mobility than men. Moreover, 
differences in women's professional mobility, particularly concerning their maternal 
status, lead to disparities in their earnings and negatively impact their future 
professional careers (Looze, 2017). 

2.3.  Job mobility and education 

The individual labor market behavior is significantly influenced by the acquired 
human capital, and one of its main indicators is education. The Millennial Generation 
is reporting higher levels of educational attainment than earlier generations (Ng and 
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Johnson, 2015). However, the research results on the relationship between education 
level and job changes are not fully consistent. Grosemans et al. (2020) primarily focused 
their research on the transition from higher education to the workforce and concluded 
that increased occupational mobility is observed during this period. However, they 
emphasize the importance of distinguishing between deliberate exploration and 
floundering. Based on the research by Ignaczak et al. (2022), it can be concluded that 
higher education affects professional careers in two different ways. Well-educated 
employees are in demand by companies, which makes it easier for such people to find 
a job that meets their expectations and, at the same time, lowers the risk of future 
dismissal. On the other hand, higher demand in the labor market makes such people 
more confident when deciding to change employers, because the action is less risky. 
Thus, workers with a college degree have a higher tendency to job-hopping than 
individuals with a relatively low education level (Ignaczak et al., 2022). Also, Ng and 
Johnson (2015) reported that the increased level of education, notably in the field of 
graduate management education, among Millennials, is instrumental in enhancing 
their capacity for career mobility, with a particular emphasis on transitioning between 
sectors. In contrast, Steenackers and Guerry (2016) in their study of the Belgian labor 
market state that the level of education has no impact on the job-hopping behavior of 
an employee and having more job alternatives is not always connected to an increased 
tendency of job switching. 

3.  Data 

To model the employment trajectories of young individuals in the Polish labor 
market, we used data from Wave 1 and Wave 2 of the Generations and Gender Survey 
Poland (GGS-PL). The GGS-PL survey is part of an international research the 
Generations and Gender Programme (GGP) designed to obtain information on 
demographic processes with consideration of the economic, social, and cultural 
context. In our analysis, we included respondents who, at the time of the second survey, 
were aged between 18 and 29 and had previously undertaken at least one job in the 
private or public sector (excluding self-employment). The upper age limit of the 
respondents was based on Arnett's (1998; 2006) findings, in which he states that young 
people reach full social maturity around the age of 30. Given the assumptions adopted 
in our study, the total number of participants was 543, with 49.63% being women (270) 
and 50.37% men (273). Employment history was reconstructed based on the first and 
second waves of the GGS survey. The statistics on respondents’ number of jobs are 
presented in Table 1. It was found that the maximum number of job changes by 
respondents was 7. Furthermore, more women than men had only one job. Biemann et 
al. (2012) indicated that a career path is significantly influenced not only by gender, but 
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also by age, marital status, having a child, education, and employment sector. In our 
study, we also consider these characteristics to see to what extent they are related to the 
job changes of Polish millennials. 

Table 1. Number of respondent’s jobs undertaken until Wave 2 of the GGS-PL by gender 

Number of 
jobs 

Number of respondents Per cent 

Women Man Total Women Man Total 

1 156 145 301 57.78 53.11 55.43 

2 61 70 131 22.59 25.64 24.13 

3 36 34 70 13.33 12.45 12.89 

4 10 11 21 3.70 4.03 3.87 

5 3 6 9 1.11 2.20 1.66 

6 2 7 9 0.74 2.57 1.66 

7 2 0 2 0.74 0.00 0.36 

Source: own calculations; data from Generations and Gender Survey Poland. 

The dependent variable, which in survival analysis is the time to failure, for each 
respondent and each his/her job was defined as the number of months from the start of 
this job to its termination in the case of employment termination. In the case of people 
who had not terminated their employment relationship with their last employer at the 
time of the second wave of the study, the time was counted until Wave 2 of the GGS. In 
addition, a censoring variable was created and assigned a value of 1 if the event 
occurred, that is, if the respondent terminated the employment relationship, and 0 
otherwise.  

In the next stage of the research, we verified which of the considered demographic, 
socio-economic, and work-related characteristics changed over time. It was obtained 
that only attributes such as the respondent’s sex, place of residence in childhood, and 
father’s and mother’s education level are constant in time. The remaining 
characteristics, such as the respondent’s age group, education level, marital status, 
sector of employment, and information on whether the respondent has at least one 
child and whether he or she has ever lived without parents, are time-varying. In 
addition, the new variable describing the age group was created by categorizing the 
respondent based on his/her date of birth. The first category (18-24 years) is the age 
range into which adolescents are classified, while the second group (25-29 years) is 
those in the so-called emerging adulthood stage (Arnett, 2006). The set of potential 
independent variables selected for modelling is presented in Tables 2 and 3. 
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Table 2. Sample characteristics by gender – variables constant in time 

Variable Categories 
Per cent 

Women Men Total 

Place of residence  
in childhood 

A city of 100,000 or more residents 24.07 27.01 25.55 
A city of under 100,000 residents 37.78 35.40 36.58 
Rural areas 38.15 37.59 37.87 

Father’s education 
level 

Basic vocational, lower secondary, primary, 
incomplete primary 

70.00 67.15 68.57 

Higher, postsecondary and vocational 
secondary, general secondary 

30.00 32.85 31.43 

Mother’s education 
level 

Basic vocational, lower secondary, primary, 
incomplete primary 

53.70 54.38 54.04 

Higher, postsecondary and vocational 
secondary, general secondary 

46.30 45.62 45.96 

Source: own calculations; data from Generations and Gender Survey Poland. 

Table 3. Sample characteristics by gender – time-varying variables 

Variable Categories 
Per cent 

At the beginning  At the end 
Women Men Total Women Men Total 

Age group 18-24 years 99.26 99.27 99.26 48.89 41.97 45.40 
25-29 years 0.74 0.73 0.74 51.11 58.03 54.60 

Education 
level 

Lower 
secondary, 
primary, 
incomplete 
primary 

17.78 23.08 20.44 4.44 9.12 6.80 

Basic vocational 6.67 21.61 14.18 8.89 25.18 17.10 
General 
secondary 

28.52 23.81 26.15 14.81 14.23 14.52 

The first stage of 
tertiary, 
postsecondary 
and vocational 
secondary 

34.07 25.64 29.83 44.44 37.59 40.99 

The second stage 
of tertiary and 
higher 

12.96 5.86 9.39 27.41 13.87 20.59 

Is married No 100.00 99.63 99.82 70.37 81.02 75.74 
Yes 0.00 0.37 0.18 29.63 18.98 24.26 

Has at least 
one child 

No 100.00 99.63 99.82 71.11 77.74 74.45 
Yes 0.00 0.37 0.18 28.89 22.26 25.55 

Has ever lived 
without 
parents 

No 24.81 49.08 37.02 24.81 49.27 37.13 
Yes 75.19 50.92 62.98 75.19 50.73 62.87 

Sector of 
employment 

Public 24.44 15.75 20.07 19.26 16.79 18.01 
Private 75.56 84.25 79.93 80.74 83.21 81.99 

Source: own calculations; data from Generations and Gender Survey Poland. 



176                                W. Grzenda, A. Marszałek: The role of education and gender in shaping career… 
 

 

 

4.  Methods 

In our study, we used generalization of the Cox proportional hazard model. For 
each individual 𝑖, let 𝐱 ൌ ሾ 𝑥ଵ, … , 𝑥௞ሿ் denote the vector of independent variables, and 
𝛃 ൌ ሾ 𝛽ଵ, … , 𝛽௞ሿ denote the vector of regression coefficients, then the hazard function 
for the model of proportional hazards takes the form: 

ℎ௜ሺ𝑡ሻ ൌ ℎ଴ሺ𝑡ሻ expሺ𝐱𝒊𝛃ሻ,         (1) 

where ℎ଴ሺ𝑡ሻ denotes baseline hazard. Given the non-parametric form of the baseline 
hazard, the partial likelihood method is used to estimate model parameters (Cox, 1972; 
Cox, 1975, Cox and Oakes, 1984). This form of the Cox model is dedicated to estimating 
the occurrence of a single event. In the case of multiple events, it is required to adjust 
the formula. In 1982 Andersen and Gill proposed a generalized version of the Cox 
proportional hazards model dedicated to recurring event data called the Andersen-Gill 
model or intensity model (Andersen and Gill, 1982). This model relates the event 
recurrence intensity function to the covariates in a multiplicative manner. The method 
uses a counting process approach, treating each individual as a process of counting 
multiple events with essentially independent increments. The model assumption is that 
the risk of an event occurrence in time 𝑡 does not change regardless of whether past 
events have occurred or not, which implies the independence of recurring events.  

Let ℎ௜௞ሺ𝑡ሻ represent the hazard function of the 𝑘-th event for 𝑖-th individual at time 
𝑡 and ℎ଴ሺ𝑡ሻ represent the common baseline hazard for all events/individuals. The 
hazard function for the Andersen-Gill model then takes the form: 

ℎ௜௞ሺ𝑡ሻ ൌ ℎ଴ሺ𝑡ሻ expሺ𝐱𝒊𝛃ሻ.         (2) 

When the assumption of recurring events independence is met, it is possible to 
estimate the risk of all events using the event times of each observed event. The 
Andersen-Gill model aims to estimate the same quantity as the Cox proportional haz-
ard model, but the estimation is based on more information because the person who 
experienced the event remains at risk of subsequent events. Consequently, the corre-
sponding partial probability is based on a larger number of events and a modified set 
of risks. If this assumption is not met, the Andersen-Gill model is still applicable, but it 
requires some modification known as the proportional means model (Lin et al., 2000). 

The other option is to extend the Andersen-Gill model into the frailty model by 
adding random effects to it, which would allow us to consider the unobservable 
heterogeneity of individuals. The model created in such a way is called the shared frailty 
model. It is assumed that for each individual, there is more than one observation within 
each cluster, and all the observations within the cluster share the same level of frailty. 
Using the frailty term makes it possible to correct some or all of the errors in the 
coefficients caused by unobserved heterogeneity. The model is estimated with the use 
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of the penalized partial likelihood method (Ripatti, Palmgren, 2000); thus, the 
parameter estimates for the fixed effects obtained from the shared frailty model differ 
from the proportional means model (Allison, 2010). The hazard function of the 𝑘-th 
event for 𝑖-th individual (in the 𝑖-th cluster) takes the form: 

ℎ௜௞ሺ𝑡ሻ ൌ ℎ଴ሺ𝑡ሻ expሺ𝐱𝒊𝛃ሻ ൅  𝛾௜ ,       (3) 

where 𝛾௜ is a random effect for the 𝑖-th individual. The random components are 
assumed to be independent and distributed identically.  

The generalized version of the frailty model is a model that includes both time-
independent and time-dependent covariates: 

ℎ௜௞ሺ𝑡ሻ ൌ ℎ଴ሺ𝑡ሻ expሺ𝐱𝒊𝛃 ൅ 𝐳𝒊ሺ𝑡ሻ𝛅ሻ ൅  𝛾௜ ,      (4) 

where 𝐱𝒊 is a vector of time-independent covariates, 𝛃 is a coefficient vector for time-
independent covariates, 𝐳𝒊 denotes a vector of time-dependent covariates, and 𝛅 is  
a coefficient vector for time-dependent covariates. 

Given that the shared frailty model is estimated using the penalized partial 
likelihood method, it is recommended to use a suitably modified test when fitting the 
model. One of the recommended methods is to use the Wald test with generalized 
degrees of freedom (Gray, 1992; Therneau and Grambsch, 2000), which was also used 
in this work. 

5.  Results 

Given that the results of previous research indicate the existence of some 
differences in labor market behavior patterns between men and women (Moynihan 
and Landuyt, 2008; Matysiak, 2009; Kaufman and White, 2015; Steenackers and 
Guerry, 2016), we built three models: a general model for all respondents and two addi-
tional models by gender. 

Based on the assumption that there may be notable differences between individuals 
in their behavior in the labor market, in the first stage of the research, we assessed the 
statistical significance of the random effect to verify if the shared frailty model is 
justified for our study. It was obtained that the random effect is statistically significant 
for each of the three models. 

Based on the preliminary data analysis, it was determined that most of the 
respondents' characteristics vary over time. Therefore, to construct the model, the 
waiting time for the occurrence of an event for each respondent was divided into 
subintervals, ensuring that all examined features remain constant within these 
designated subperiods. 
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Following the analysis of the available data and the Wald test, the set of covariates 
for the main model was established. The study aimed to investigate gender differences 
in labor market behavior; therefore, an identical specification of explanatory variables 
was applied in the models for women and men. The results obtained from the shared 
frailty are presented in Table 4 (all respondents) and Table 5 (women and men 
separately).  

Table 4. Estimated parameters with standard error, p-value and hazard ratio – general model 

Covariate 
Parameter 
estimate 

Standard 
error 

p-value 
Hazard  

ratio 
Age (ref. 18–24 years)  

25-29 years -0.578 0.363 0.112 0.561 
Education level (ref. Lower secondary, primary, 
incomplete primary) 

 

Basic vocational -0.104 0.212 0.624 0.901 
General secondary 0.006 0.194 0.976 1.006 
The first stage of tertiary, postsecondary  
and vocational secondary 

0.321 0.189 0.090 1.379 

The second stage of tertiary and higher 1.205 0.233 <.001 3.337 
Is married (ref. No)  

Yes -0.470 0.222 0.034 0.625 
Has at least one child (ref. No)  

Yes -0.380 0.256 0.137 0.684 
Has ever lived without parents (ref. No)  

Yes -0.155 0.122 0.204 0.856 
Sector of employment (ref. Public)  

Private -0.271 0.124 0.029 0.763 
Sex (ref. Man)     

Woman 0.059 0.119 0.623 1.060 

Source: own calculations; data from Generations and Gender Survey Poland. 

The first shared frailty model included all respondents. We found that older 
respondents have a lower risk of job mobility. People aged 25 to 29 had a 43.9% lower 
hazard of job mobility than people aged 18 to 25. However, based on the obtained p-
value, it cannot be concluded that this characteristic is statistically significant. 
Analyzing the variable describing the respondents' education, we found that this factor 
influences the risk of job mobility. Respondents with a first stage of tertiary, 
postsecondary, and vocational secondary level of education had a 37.9% greater hazard 
of job mobility compared to lower secondary, primary, and incomplete primary 
education. In contrast, respondents with at least a second stage of tertiary education 
had more than 3 times higher hazard of job mobility than the least educated 
respondents. Furthermore, married people had a 37.5% lower hazard of job mobility 
than other respondents. In addition, the results show that the sector of employment is 
a statistically significant factor too. Young people working in the private sector had 
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a 23.7% lower hazard of job mobility in comparison to people working in the public 
sector. In the case of the first shared frailty model, characteristics such as having at least 
one child or ever living without parents proved to be statistically insignificant. 
Presented interpretations remain valid under the ceteris paribus assumption. 

In the subsequent research stage, two models were constructed - one including only 
women and the other including only men, to better understand gender differences in 
the behavior of young individuals in the labor market. Comparing the results of these 
two models, it can be concluded that age was an important factor only in the case of 
men. Male respondents in the older age group (25-29 years) had a 65.4% lower hazard 
of job mobility compared to the younger group.  

Table 5. Estimated parameters with standard error, p-value and hazard ratio – model for women and 
model for men 

Covariate 
Women Men 

Parameter 
estimate 

Standard 
error 

p-
value 

Hazard 
ratio 

Parameter 
estimate 

Standard 
error 

p-
value 

Hazard 
ratio 

Age (ref. 18–24 years)         

25-29 years -0.120 0.465 0.797 0.887 -1.060 0.609 0.082 0.346 

Education level (ref. Lower 
secondary, primary, 
incomplete primary) 

    
    

Basic vocational 0.122 0.366 0.739 1.129 -0.047 0.286 0.869 0.954 
General secondary -0.206 0.282 0.464 0.814 0.105 0.293 0.719 1.111 
The first stage of tertiary, 
postsecondary  
and vocational secondary 

0.050 0.287 0.863 1.051 0.572 0.273 0.037 1.771 

The second stage of 
tertiary and higher 

0.756 0.327 0.021 2.130 1.953 0.388 <.001 7.047 

Is married (ref. No)         

Yes -0.336 0.273 0.219 0.714 -0.632 0.400 0.115 0.532 
Has at least one child  
(ref. No) 

    
    

Yes -0.672 0.406 0.098 0.511 -0.123 0.352 0.726 0.884 
Has ever lived without 
parents (ref. No) 

    
    

Yes -0.141 0.190 0.458 0.869 -0.230 0.178 0.197 0.794 
Sector of employment  
(ref. Public) 

    
    

Private -0.365 0.167 0.029 0.694 -0.143 0.200 0.474 0.866 

Source: own calculations; data from Generations and Gender Survey Poland. 
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The results also indicate that the level of education was a factor that more strongly 
differentiated the employment of men than that of women. Both the first stage of 
tertiary, postsecondary and vocational secondary and the second stage of tertiary and 
higher education levels had a positive effect on the risk of job mobility. Male 
respondents with the first stage of tertiary, postsecondary and vocational secondary 
education had a 77.1% higher hazard of terminating their jobs compared to the least 
educated group, and respondents with the highest education level had more than 7 
times higher hazard of job mobility compared to the least educated group of male 
respondents. In the case of female respondents, it was revealed that only women with 
at least a second stage of tertiary or higher education had statistically significant, more 
than 2 times higher hazard of job mobility compared to the least educated female 
respondents. 

Other statistically significant factors influencing the risk of job mobility in the case 
of female respondents were having a child, as well as the employment sector. Women 
who had at least one child had a 48.9% lower hazard of job mobility compared to 
women without children. Females working in the private sector had job mobility hazard 
lower by 30.6% compared to those working in the public sector. These factors were 
statistically insignificant in the case of male respondents. 

Moreover, based on the results of the Wald test with generalized degrees of 
freedom, it can be concluded that in the case of men, the marital status and the history 
of living accommodation also influenced the risk of job mobility. Men who were 
married had a 46.8% lower hazard of job mobility compared to those unmarried. If the 
male respondent had ever lived without parents, his hazard of job mobility was lower 
by 20.6% compared to those who had lived with their parents all their lives. All 
interpretations remain valid under the ceteris paribus assumption. 

6.  Discussion and Conclusions  

Our study focuses on Generation Y, which has a significantly different approach to 
employment than the earlier Generation X (Twenge, 2010). People from Generation Y 
often live in a hurry and focus on their development, which makes them less loyal to 
their employers (Robak, 2017). Millennials exhibit a higher propensity for changing 
jobs and employers more frequently than their predecessors, and they also display a 
greater readiness to embrace career shifts that may not necessarily involve upward 
mobility (Lyons et al., 2012). Our study aimed to examine the influence of gender (Q1) 
and education (Q2) on job mobility among young individuals. We revealed that, among 
Polish Millennials, gender did not influence the risk of job change, whereas it did play 
a significant role in determining the impact of other factors on job mobility, including 
education level. 
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Gender disparities in the labor market often stem from traditionally held social 
roles for women, with motherhood being a key aspect (Kaufman and White, 2015; 
Steenackers and Guerry, 2016; Cukrowska-Torzewska and Matysiak, 2020). This is 
confirmed by the results of our research, which indicate that the impact of having  
a child on job mobility was significant only for women. Furthermore, women with at 
least one child had a lower risk of job changes compared to childless women. The 
recognition of incongruity between women's careers and their duties as mothers, as well 
as the consequent adjustments they make, influences women's gender role perceptions 
as they transition into motherhood. This is reflected in women's different attitudes 
towards job mobility both before and after the birth of a child (Zhou, 2017). 
Furthermore, Bass (2015) demonstrates that gendered expectations related to 
parenthood may play a significant role in perpetuating patterns of labor market 
inequality, even before the practical constraints of parenthood come into play. Based 
on our findings, it can be concluded that, in the case of men, having a child does not 
directly impact professional mobility. However, the stabilization of men's careers 
occurs with age and is associated with leaving the family home as well as marriage. In 
the case of women, these factors had no impact on professional mobility. In conclusion, 
we agree with Boeckmann et al. (2015) that women's employment patterns are 
determined more by motherhood than gender. Moreover, we show that this finding 
also applies to career mobility. 

While women are, on average, better educated than men (Cukrowska-Torzewska 
and Lovasz, 2016), their employment situation is not necessarily more favorable. We 
found that the level of education mattered for job mobility for Polish Millennials, but 
this factor shaped the labor market behavior of men more strongly than that of women. 
For women, only having at least a second stage of tertiary education statistically 
significantly reduced the risk of job changes compared to women with the lowest level 
of education, while for men this risk was also reduced by having a first stage of tertiary, 
postsecondary or vocational secondary education, likewise versus the least educated 
men. Nevertheless, our findings are in line with previous research, indicating that 
individuals with higher education exhibit a stronger inclination toward professional 
mobility compared to those with relatively lower levels of education (Ignaczak et al., 
2022; Ng and Johnson, 2015).  

Considering the employment sector, AbouAssi et al. (2021) note that American 
youth tend to change jobs frequently, but only within a given sector, not across sectors. 
Moreover, the strongest predictor of public sector employees changing jobs within the 
sector is job dissatisfaction. In the case of Polish Millennials, the employment sector 
was significant only for women, with the risk of changing jobs being lower for women 
employed in the private sector. It can, therefore, be concluded that the public sector, 
previously associated with employment stability, is no longer attractive to young 
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people. Taking into account the results of previous research indicating the impact of 
salary on the choice of career path (Redmond and McGuinness, 2019; Pearlman, 2018) 
in the case of Poland, this may be related to lower salaries offered in the public sector 
compared to the private sector. 

Millennials, when changing employers, seek a satisfying job to meet their subjective 
criteria (Campione 2015; Hassan et al., 2020). Polish Millennials had average cross-
organizational mobility, with approximately half of them still in their first work at the 
time of the second wave of the GGS. Our evidence suggests that there are differences in 
the patterns of job mobility of young women and men in the Polish job market. Job 
changes early in one's professional career have both advantages and disadvantages. On 
the one hand, more frequent transitions can provide diverse professional experience 
and facilitate the discovery of a satisfying job, which may serve as a stepping stone to  
a successful future career. On the other hand, the lack of professional stability can 
hinder leaving the parental home and starting a family. 

Simultaneously, frequent job changes among young individuals pose a significant 
challenge for employers. Considering the costs of turnover, employers have to make 
every effort to attract and retain valuable employees, particularly Millennials 
(Campione, 2015). The findings we have obtained can provide decision-makers with 
valuable insights for shaping strategies aimed at reducing employee turnover among 
Generation Y. 

7.  Limitations 

This study has some limitations. First, the GGS-PL survey does not provide 
information on whether stopping work resulted from voluntary reasons or was 
determined by other factors. Moreover, we lacked detailed job-specific information, 
apart from the sector in which each individual was employed. Such details could have 
provided additional insights into gender-based disparities in the professional mobility 
of young individuals. 
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  Is the GPT model suitable for sentiment analysis?
Testing for geographical, political and gender bias

Agnieszka Choczyńska1

Abstract

The new generation of Large Language Models, based on Generative Pre-trained Transform-
ers (GPT) can be useful for automatic text annotation and sentiment analysis. However, they 
tend to learn the bias from training data, which can lead to distorted results. In this paper, 
the GPT-4o-mini model by OpenAI is tested for the presence of geographical, political and 
gender bias in the case of Polish economic news headlines. It has been found that the model 
consistently differs in sentiment scores for the same sentence, depending on the country 
mentioned. A remedy to this problem is proposed, which masks the references to countries 
and nationalities using the GPT model. Some differences in sentiment scores resulting from 
explicit references to gender or political parties are also identified, although these types of 
bias are considerably weaker than geographical bias.

Key words: large language models, geographical bias, gender bias, political bias, sentiment 
analysis.

1. Introduction

Large Language Models (LLMs) based on Generative Pre-trained Transformers (GPT) 
are increasingly used in scientific r esearch. Text annotation is one of the applications that 
can benefit f rom t he G PT m odels ( Kheiri a nd ,  2 023). O n t he o ne h and, t hey a re faster 
and more affordable than human annotators. On the other, they are more versatile than the 
language models trained for a narrow purpose and do not require a training dataset (Kocoń 
et al., 2023). Given that most of the information created by the human population is in 
natural language, having a universal, ready-to-use text-mining tool would be beneficial for 
in social science.

There are, however, some obstacles to overcome. LMMs tend to absorb the biases found 
in the texts on which they are trained (Rozado, 2020). A growing amount of research finds 
gender (Radaideh, Kwon and Radaideh, 2025; Lee et al., 2024; Zhu, Wang and Liu, 2024), 
nationality (Manvi et al., 2024; Aslan 2024), political (Retzlaff, 2024; Rozado, 2023), and 
other types of bias (Huang et al., 2020) in the text generated by the GPT models. Other 
studies focus on word embeddings (vector representations of words created during model 
training) and find that models pick up stereotypical associations from the natural language 
(Garg et al., 2018; Rozado, 2020).
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One could suspect that the bias learned by the generative AI also impacts their abilities
in text annotation. For example, they would assign lower sentiment to the sentences men-
tioning a country or demographic group the training datasets were biased against. In their
analysis of sentences related to the energy industry, Radaideh, Kwon and Radaideh (2025)
found that the GPT-2 model assigned a lower score to the sentences mentioning nuclear
energy, male gender, old age or conservative political ideology.

However, the topic is still understudied. Firstly, most of the existing literature focuses on
the English language, while one of the benefits of the GPT models is their multilingualism.
The studies uncovering algorithmic bias in GPT models typically analyze the word embed-
dings or the impact of bias on text generation. Despite sentiment analysis being a popular
application for this kind of models, it is still not well known how the bias can distort its
outcomes.

This paper analyzes the bias in GPT-based text annotations, focusing on the Polish lan-
guage and the texts broadly related to economics. The issue is approach from a new angle,
using a set of fictional economic news headlines with positive, negative, or neutral impli-
cations for the mentioned country. Headlines are generated with different country names
each time and prompt the GPT-4o-mini model to assign the sentiment to the sentence. The
results show that countries significantly impact the sentiment score (p-value < 0.001), even
though the headline does not change.

The same framework is used to test if the GPT models exhibit political bias in sentiment
analysis. A set of headlines mentioning political orientation (left-wing or right-wing party),
power dynamics (ruling party or the opposition), and the names of the main political parties
in Poland are generated. As a control, there are also provided headlines where no political
party, position or orientation is mentioned.

The results show that the sentences without any mention of a party tend to have the high-
est sentiment score, though the differences are generally small. A positive sentence gets,
on average, a higher sentiment score if it mentions the ruling party, but negative sentences
about the ruling party get lower scores than if they mention the opposition. No bias was
found with regard to political orientation or particular party names.

Similarly, the paper assesses the presence of gender bias in sentiment analysis. The
generated sentences include either a) direct mention of gender (e.g. men, women, male,
female), b) mention of a fictional male or female name, or c) gendered grammatical forms.
In Polish, verbs, nouns and adjectives have gendered forms, so it is impossible to change
the gender of the subjects by just replacing names and pronouns.

The analysis shows very small effect of gender bias. Among the positive sentences, the
ones mentioning female names received higher sentiment scores than the ones mentioning
male names. Among negative sentences, the model assigned slightly lower scores to the
ones that mentioned the female gender. The successes of particular women may be per-
ceived more positively, as they are typically framed as a bigger breakthrough. On the other
hand, if the problem is related to women (negative sentences with direct mention of gender),
it is perceived as a bigger problem - and assigned a lower sentiment - than if it was related to
men. However, no other configurations yielded significant differences. In particular, there
is no evidence of gender grammatical forms impacting the sentiment score.
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Finally, there is proposed a method of dealing with inherent geographical bias by censor-
ing country names from the text. A dataset of economic news headlines from the public TV
portal is used for this purpose. The GPT-4o-mini model is prompted to assign a sentiment
score from -5 (strongly negative) to 5 (strongly positive) towards each country mentioned in
the text. Next, there are create anonymized sentences by replacing all references to countries
with codes and run sentiment analysis for that modified dataset.

The model consistently overstates the sentiment for Poland. For Germany and Russia,
it tends to produce more neutral scores (e.g. less positive for positive news and less negative
for negative news), while the references to the US receive more extreme values. However,
the model’s performance in country recognition and anonymization is unsatisfactory, leav-
ing a room for improvement.

Although the researchers have been long aware of the problem of algorithmic bias, this
paper expand the current knowledge by showing how it can impact the outcomes of senti-
ment analysis in a non-English language. Tests for geographical, gender and political bias
reveal that they are all present, with the first one being by far the strongest. This study may
be helpful for those looking to apply the GPT model to sentiment analysis, especially for
the case of news analysis.

2. Literature review

2.1. Applications of the GPT models in sentiment analysis

With their natural language processing abilities, the GPT models could be used for sen-
timent analysis and other text-mining tasks. They are many times faster and more afford-
able than human annotators. Unlike specialized machine learning models, they can perform
a wide variety of tasks on different forms of text. Some of the existing solutions are available
through API, meaning that the researcher does not need to have the computational power or
storage needed to train a large model.

These models can outperform untrained text annotators (Gilardi, Alizadeh and Kubli,
2023) and, in some cases, the state-of-the-art solutions (Kheiri and Karimi (2023); Fatouros
et al., 2023). However, their performance varies by task and dataset, and they should not
be treated as a universally good solution (Curry, Baker and Brookes, 2024). Most research
finds the GPT models to underperform, compared to the high-tuned, specialized language
models (Kocoń et al., 2023; Liyanage, Gokoni and Mago, 2024; Krugmann and Hartmann,
2024; Kristensen-McLachlan et al., 2023).

However, there are a few caveats to this research. First, in the case of OpenAI, we do not
know the full list of language corpora these models were trained on. If researchers perform
the tests using publicly available datasets, the model may have already seen them, mean-
ing that its performance on new data may be overestimated (Kocoń et al., 2023; Ahuja et
al., 2023). Secondly, comparing a specialized model trained for a specific task with a GPT
model in a zero-shot approach may underestimate the latter’s abilities with additional train-
ing. It is still difficult to determine the extent of additional training this model would need
to match the performance of a specialized solution, and if it would be indeed substantially
smaller than preparing a model from scratch.
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Finally, with the fast pace of AI development, it is difficult to assess their performance.
Most of the aforementioned studies are not yet published, and the models they test will
likely be obsolete before they do. Overall, researchers call for caution and additional vali-
dation before using GPT models for text annotation (Pangakis, Wolken and Fasching, 2023;
Kristensen-McLachlan et al., 2023; Ollion et al., 2023; Curry, Baker and Brookes, 2024).

Most of the research on LLMs in text analysis is focused on the English language.
A Common Crawl corpus, widely used in model training, has 45% of English texts, so one
could expect models will be the most proficient in this language (Dac Lai et al. 2023).
In a comprehensive evaluation of several LLMs (including GPT-3.5 and 4) in 70 languages,
Ahuja et al., (2023) noticed a worse performance for prompts written in non-English lan-
guage. For the same reason, Etxaniz et al., (2023) proposed translating the problem to En-
glish before analysis. Similar results were found by Dac Lai et al. (2023). However, there
are some studies that counter these findings, not finding the benefits of English prompts
(e.g. Debess, Simonsen and Einarsson, 2024). Both model and task-specific aspects may
interfere with the results, although most of the research seems to find the benefit of English
prompts.

This study focuses on bias in sentiment analysis and not on the accuracy of the model.
Based on the research above, the authors decided to write the prompts in English and set
the temperature parameter to 0.25, which gave the most consistent results in the previous
experiments with the GPT model.

2.2. Bias in sentiment analysis

The GPT models are based on embeddings, which are vector representations learned
from a large corpus of natural language. Closely related words in natural language should
end up relatively close in the vector space (Garg et al., 2018). If the corpus contains stereo-
typical associations between words, the model will likely incorporate that information and
express human-like bias (Caliskan, Bryson and Narayanan, 2017). Moreover, the bias will
not necessarily be diminished by more training, if the additional training dataset contains
bias as well (Radaideh, Kwon and Radaideh, 2025).

Rozado (2020) found that most of the research on bias in word embedding models
considered gender bias (93% of analyzed papers) and racial bias (54%). They performed
a wider analysis of associations between positive words and terms related to gender, age,
race, religiosity, affluence, and political orientation in several natural language corpora
used in LLMs training. They found that positive words were more associated with women
and femininity, youth, beauty, affluence and liberal political orientation. Typical African-
American names and religiosity held negative associations, but the results for direct men-
tions of race or sexual orientations were mixed, with different directions, depending on the
corpora. Garg et al., 2018 found that associations between gender/race and certain occu-
pations were correlated with the factual proportions of employees. The additional bias was
largely explained by stereotypes held by the population.

The research on bias in the GPT models mainly focused on the stereotypical or toxic
elements in the generated text. Huang et al., (2020) asked the model to finish sentences
with notions of different genders and occupations, finding that it can produce more negative
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outputs in certain contexts. A similar framework was used by Lee et al., 2024 in the South
Korean context and Zhu, Wang and Liu (2024) in Chinese, finding bias related to gender
and nationality.

Manvi et al., (2024) performed a study of geographical bias, prompting the model to
rank the countries, according to objective facts (e.g. population density), objective facts
uncorrelated with geographic position (e.g. solar flux), and subjective opinion (e.g. at-
tractiveness of the citizens). They found that the model systematically underestimates or
overestimates the ranks of objective facts, despite being able to provide precise numbers
when prompted. There is also a bias against the regions of lower socioeconomic conditions
in rankings of subjective opinions. The authors tested 5 models and the GPT-4 exhibited the
lowest bias.

Another form of bias is of a political nature. When asked questions from the political
compass test, the GPT model leaned towards liberalism (Retzlaff, 2024). These findings are
supported in the analysis of word embeddings by Rozado, 2020, but the political bias is not
as well studied as that related to gender, race or nationality.

To what extent the bias built in the word embeddings or present in the generated text
would impact the sentiment analysis? This topic is not yet well studied. Radaideh, Kwon
and Radaideh (2025) studied the impact of bias on the sentiment scores assigned by five
LLMs, including the GPT-2 model, in the case of sentences related to the energy industry.
They generated sentences in which they switched terms related to energy source, politics,
gender, age and ethnicity, and prompted the models to assign sentiment scores to each con-
figuration. They found that the mentions of nuclear energy, conservative ideology, male
gender, old age and white race usually lowered the sentiment score, however, with some
variations between models. A similar approach is applied in this analysis.

2.3. Bias mitigation

Strategies to mitigate bias include a) creating more fair and balanced datasets, b) fairness-
aware model training, and c) algorithmic debiasing (Srinivasan et al., 2024, Liu, 2025). The
first strategy may be done by balancing the dataset to obtain equal number of observations
for majority and minority group (Han, Baldwin and Cohn, 2022). In an unbalanced dataset,
minority groups may be classified with a higher error, due to their limited representation
in the dataset. Another strategy is to embed fairness into the training process, designing
loss-function so that it takes the bias into account.

Specifically in LLMs, it is possible to mitigate biases by manipulating word embed-
dings. Zhao et al., (2018) used this approach to neutralize the gender connotations of (by
definition) gender-neutral occupations. For example, a word "nurse" may refer to any gen-
der, but its vector representation appears closer to "female" in the embedding space, as
historically most nurses were women. Zhao et al., (2018) captured the distances between
occupations and genders and used them as weights in training of a gender-neutral model.
Ravfogel et al., (2020) presented an Iterative Null-Space Projection, a method of removing
certain properties from neural representations. Liang et al., (2021) tested their approach on
the embeddings of the GPT-2 model.
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The first problem is that these methods require a priori knowledge of all underprivileged
groups and biases. Utama, Moosavi and Gurevych (2020) proposed a framework in which
the first "shallow" model is trained on a limited dataset to pick up existing stereotypes and
biases, which are further used to down-weight biased observations, lowering their impact on
the final model. This is based on the assumption that biases represent the most superficial
knowledge, that would be learned first by the model presented with limited data. A similar
approach was tested by Orgad and Belinkov (2023).

The second problem is that these methods require either access to the data or repeating
the training process. In the case of large, pre-trained models this may not be feasible.
An alternative approach was proposed by Liu (2021), who attempted to mitigate political
bias. They obtained the hidden states from the GPT-2 model and transformed them so that
a gender neutral embedding was of equal distance to the two options, in this case liberal and
conservative. However, they noticed a trade of between fairness and fluency and accuracy
(see also: Nadeem, Bethke and Reddy, 2021, Liang et al., 2021).

2.4. Hypotheses development

In this analysis, three types of sentiment bias are considered: geographical, political and
gender bias. As public TV covers international news, one should expect the bias against
particular countries could make a big difference in sentiment. The first hypothesis is based
on the results obtained by Manvi et al., (2024) and Rozado (2020):

H1: The GPT model is biased against countries of low socio-economic status.
Economic and business news may often reference political parties as well when they

report government economic policy, investments, state-owned companies or corruption af-
fairs. If the training data corpora contain positive associations with liberal and progressive
political ideology (Rozado, 2020), one could expect the second hypothesis to be true:

H2: The GPT model is biased against right-wing parties.
Finally, the study considers the aspect of gender bias. In Polish, most parts of the speech

have gendered forms. Every time a news headline mentions a person or a group of people,
their gender is revealed through grammar. If the GPT model associates female names or
grammatical forms with more positive sentiment, it could distort the analysis. Hence the
third hypothesis:

H3: The GPT model is biased against men.
Although researchers note other dimensions of bias, they are not likely to impact the

sentiment analysis in this case. Poland is a rather racially homogenous country and mentions
of race are not common in economic news articles. Due to the economic focus, headlines do
not generally mention physical appearance, sexual orientation or disabilities of the subjects,
so these aspects were ommited as well.

3. Testing the GPT models for text annotation

3.1. Data

The data used in this analysis are news headlines from the business section of the Polish
public TV internet portal. The dataset spans from 2012-06-13 to 2024-09-13 and consists
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of 17,554 pieces. Each news piece is composed of a headline and a one- or two-sentence
description, that introduces a longer video material.

The first part of this study uses generated headlines similar to these articles but con-
structed in a way suitable for bias testing. For geographical bias sentences have to mention
exactly one country. They had to include one party or party members for the political test.
In the case of the gender bias test, each sentence had to either directly mention gender or
a fictional person of a specified gender. In the second part of the study, the original headlines
are used to test how geographical bias impacted sentiment analysis in a real-life scenario.

Similarly to human annotators, the GPT model will not always return the same output
for the same prompt. First, there is a check of replicability of the GPT text-annotation
task results. A random sample of 1000 headlines is selected and the model is prompted to
perform two text-mining tasks. The first is to assign a sentiment score from -5 (strongly
negative) to 5 (strongly positive). The second one is to extract all countries mentioned in
the text. Each analysis is performed 10 times in different sessions to assess the consistency
of the results.

The results are fairly consistent. In 66.4% of cases, the model returned the same senti-
ment in each round, and only four times (0.4%) the difference was 3 points or more. For the
country recognition task, the Jaccard similarity index was applied. For each pair of outputs,
it counts the number of countries provided in both outputs (intersection of sets), divided by
the overall number of countries that appeared in them (union of sets). The average score is
0.955.

All tasks are carried out with the GPT-4o-mini model by OpenAI using the Batches
interface. Batches enable scheduling of a larger portion of API requests for asynchronous
processing. As each text is to be analyzed independently, it is a suitable option for text-
mining tasks.

3.2. Geographical bias test

The test uses 30 sentences (10 positive, 10 negative, and 10 neutral in sentiment). The
sentences are similar to the news headlines in the TVP dataset, but constructed in a way
that only one country is mentioned in a headline, and the country name is interchangeable.
English translations of example headlines are provided below:

Positive: Prices no longer on the rise. Inflation in XXX falls quicker than expected.
Neutral: XXX is struggling with drought. The government is implementing special

support programs for farmers.
Negative: In XXX, the problem of unemployment is getting worse. Every fifth adult is

looking for a job.
The full set of headlines can be found in the repository (https://github.com/agachocz/

SiT_GPT_bias_appendix.git). After generating the sentences, the XXX placeholder is re-
placed with one of the 194 country names in a correct grammatical form. Then the GPT-4o-
mini model is prompted to assign the sentiment score to each sentence.

If the model’s sentiment analysis abilities are not impaired by geographical bias, each
sentence should be assigned the same score across countries. The sentiment analysis is
repeated 10 times to test if potential differences in the outputs occur consistently.
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Table 1 presents the test results: minimum, maximum and average score obtained for
each group of sentences, along with the Kruskal-Wallis test statistic. Kruskal-Wallis test is a
non-parametric alternative for ANOVA, more suitable for analyzing differences in rankings
distributions. Under H0 hypothesis, there are no statistically significant differences withing
groups of sentences, therefore the model assigns the same sentiment score consistently,
regardless of a country mentioned.

Table 1. The results of geographical bias test. Significance codes: * < 0.05, ** < 0.01,
*** < 0.001

Group Min score Max score Average score Kruskal-Wallis test Correlation with GDP PC

Positive 2 5 4.15 855.98*** -0.003

Neutral -3 -3 0.534 602.36*** -0.055

Negative -5 -1 -2.9 399.93*** -0.057

All -5 5 0.593 77.209

As presented in Table 1, the differences were significant in all sentiment categories, with
the highest Kruskal-Wallis statistic for positive sentences. However, there is no significant
effect for all categories taken together. One reason may be that the bias is not linear - some
countries may score more positively in positive sentences and more negatively in negative.

This effect can be seen in Figure 1, presenting the average sentiment scores for all coun-
tries within categories. Note that the maps have independent colour scales so the differences
are better visible. In positive sentences, Poland scores the highest among all countries, be-
cause the good news may seem the best for the Polish language users if it is related to their
own country. However, among negative sentences, the sentiment for Poland is at the bottom
of the scale, since the bad news may seem worse when they hit close to home.

Similarly, Russia scores the lowest in positive sentences and is about in the middle of
the scale for negative ones. Since it is responsible for aggression on Ukraine near the Polish
border, positive news about the Russian economy may be perceived more negatively, and
negative ones - more positively.

To directly test Hypothesis 1, the correlation is computed between the average sentiment
and the GDP per capita. The data on GDP expressed in purchasing power parity is sourced
from the Worldometer database (Worldometer, 2024), excluding 14 countries for which
there was no data. The correlation coefficients are presented in the last column of Table 1.

In all sentiment categories, correlations between sentiment scores and GDP per capita
are small and insignificant. Contradictory to the hypothesis, the sentiment does not seem
to depend on the economic development of the countries. Looking at Figure 1, it is clear
that the sentiment scores are the lowest for the countries that may be perceived as a threat
by Polish citizens. The most notable being Russia, but also North Korea, Afghanistan and
China.
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Figure 1. Average sentiment of positive, neutral, and negative sentences. Note that each
map has an independent colour scale.
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3.3. Political bias test

The same framework is used in the political bias test. Instead of country names, there
are two terms for the party’s position (ruling party, opposition), two terms for its political
orientation (left-wing, right-wing), and eight names of the main political parties in Poland.
The example sentences are as follows:

Positive: Renowned economist praises XXX’s proposition. "This action is long over-
due."

Neutral: XXX has published its new programme. What does it plan for seniors?
Negative: Millions in grants, zero results. The foundation linked to XXX MPs will

come under scrutiny.
Additionally, there are generated the same sentences without any political terms, or

with anonymous ones, such as "one of the parties" or "this party". This will provide the
benchmark for the political terms. Again, the model is used to assign sentiment scores on
a scale of -5 to 5 and repeat this task 10 times.

Table 2 provides the average scores for each term and the Kruskall-Wallis test statistics
within groups. In general, any mention of politics lowers the sentiment of the sentence.
Headlines without a term related to a party have the highest scores among positive sentences.

Table 2. The results of the political bias test. Significance codes: * < 0.05, ** < 0.01,
*** < 0.001

Political term Positive Neutral Negative
Average Test Average Test Average Test

No term 3.470 - 0.340 - -2.840 -
Position (ruling/opposition) + no term

Ruling 3.32 11.889 0.31 0.067 -3.06 18.924
Opposition 2.97 ** 0.38 -2.71 ***

Orientation (left-wing/right-wing) + no term
Left-wing 3.06 12.005 0.2 2.358 -2.78 0.944
Right-wing 2.98 ** 0.26 -2.85

Party names + no term
KO 3.20 11.149 0.44 4.779 -2.780 6.901
Konfederacja 3.15 0.39 -2.770
Nowa Lewica 3.20 0.40 -2.740
PiS 3.26 0.21 -2.920
PO 3.19 0.45 -2.810
Polska2050 3.28 0.46 -2.770
PSL 3.09 0.39 -2.780

The Kruskal-Wallis test statistic is significant in the political orientation group for posi-
tive sentences. However, the pairwise Wilcox Rank Sum test reveals that only a difference
between left/right orientation and no political term is significant. There is no difference
between scores for left-wing and right-wing sentences, but they both score lower than sen-
tences with no adjective related to political orientation. As there are no significant effects
of bias toward specific party names, the Hypothesis 2 is rejected.

As for the position of the party in the political system, the ruling party tends to get higher
scores in positive sentences, and lower for the negative ones, compared to the opposition.
This may be a sign of more polarized opinions toward ruling parties, or assigning them
a higher responsibility for the positive or negative outcomes.
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3.4. Gender bias

Finally, the gender bias is tested. There are constructed sentences with mentions of
gender, either explicitly (man/woman or male/female), through a fictional male or female
name (Jan Nowak and Anna Kowalska), or just as a grammatical form (because nouns, verbs
and adjectives have gendered alterations in Polish). The examples of headlines are provided
below:

Positive: Infrastructure Minister Jan Nowak at the opening of the new power plant.
"A milestone towards green energy."

Neutral: Polish men are innovative, but few of their discoveries live to see patents.
Conclusions of a new CSO report.

Negative: Company founded by Jan Nowak in huge financial trouble. It is likely to
declare bankruptcy.

The positive sentence above has a feminized version: «Infrastructure Minister Anna
Kowalska at the opening of the new power plant. "A milestone towards green energy."»
Then the name is removed to create an indirectly gendered sentence. Although in English
this sentence would not imply the gender of the Minister, in Polish the word "Minister"
would have two forms.

The example of a neutral sentence does not contain a name but a direct reference to the
male gender, which can be switched to "women" for the female version. The indirect sen-
tences are "Poles are innovative, but few of their discoveries live to see patents. Conclusions
of a new CSO report.", where "Poles" has gendered form ("Polki" or "Polacy").

The results of the analysis are provided in the Table 3. In general, gendered grammatical
forms do not differentiate sentiment scores. Among positive sentences, the ones including
a female name received significantly higher scores than the ones including a male name.
Possibly, the individual success of a woman is perceived as a bigger breakthrough (and
more impressive by that) than the same success of a man. However, negative sentences
mentioning the female gender received lower scores than the same sentences related to the
male gender. This may be because problems seem more grave if they are related to women.

Overall, the results support Hypothesis 3, that the sentiment analysis with the GPT-4
model is biased against men. However, the effects are miniscule, compared to the scale of
geographical bias, and the bias is related only to two specific cases.

Table 3. The results of gender bias test. Significance codes: * < 0.05, ** < 0.01,
*** < 0.001

Type Women avg Men avg Kruskall-Wallis test
Positive

Explicit gender 4 4 -
Gendered name 3.81 4.09 4.067*
Grammatical gender 4.05 3.90 2.620

Neutral
Explicit gender 0.1 -0.15 0.639
Gendered name 1.45 1.35 0.514
Grammatical gender 0.64 0.42 1.123

Negative
Explicit gender -2.93 -2.73 4.248*
Gendered name -3.16 -3.2 0.435
Grammatical gender -3.15 -3.17 0.148
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4. Anonymization

In the previous section, it was found that the GPT-4o-mini model is vulnerable to strong
geographical bias. A method to remedy this problem is proposed by masking all references
to country or nationality in the source text. This section is dedicated to a sentiment analy-
sis of economic media headlines with and without masking and compare the results. The
prompts used for particular tasks are provided in the repository (https://github.com/agachocz/
SiT_GPT_bias_appendix.git).

First, the GPT model is prompted to modify the headlines by masking all countries or
nationalities with codes: AAA, BBB, CCC, and so on. An example of this transformation
could be:

Input: Hundreds of Estonian companies still trade with Russia. Estonian exports to
Russia fell drastically after the latter invasion of Ukraine, but over 300 companies registered
in Estonia kept trading with this country.

Output: Hundreds of AAA companies still trade with BBB. AAA exports to BBB fell
drastically after the latter invasion of CCC, but over 300 companies registered in AAA kept
trading with this country.

In the same prompt, the model is also asked to return the dictionary in the form "Coun-
try:code", in this case: "Estonia:AAA;Russia:BBB;Ukraine:CCC", to easily retrieve coun-
try names behind the codes after sentiment analysis.

Next, the model is asked to separately assign a sentiment score to the original and
masked headlines. Finally, there is a comparison of the results to see to what extent the
bias related to country names impacted the sentiment analysis. For this purpose, there were
selected four countries with the biggest coverage. Poland has the highest number of men-
tions (5,733 news pieces), followed by Russia (1,399), Germany (1,235) and the US (1,017).

Table 4. Differences between sentiment assigned by the GPT model for sentences with
and without anonymization. A positive average means that anonymized mentions receive
higher scores than the ones revealing country names. N refers to the number of mentions

Poland Germany Russia US

n 3,403 865 1178 824

Correlation 0.854 0.768 0.709 0.773

Positive

n 2,363 348 375 454

average diff -0.066 0.856 1.570 -1.040

std deviation 1.510 2.080 2.800 2.370

Neutral

n 348 164 171 139

average diff -0.891 -0.445 0.474 0.583

std deviation 2.050 1.700 1.880 2.080

Negative

n 692 353 632 231

average diff -1.240 -1.050 -0.231 0.342

std deviation 2.250 1.440 1.440 1.680
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The correlation coefficients between sentiment scores for original and anonymized sen-
tences are presented in Table 4. The scores are quite similar, as the correlation varies from
0.709 for Russia to 0.854 for Poland. The impact of bias related to country names is not
very high.

The articles are split into sentiment categories based on the sentiment score from anony-
mized sentences: positive for scores higher than 2, negative for lower than -2, and neutral
for scores between. Most mentions of Poland and the US were positive, while mentions of
Germany and Russia were largely negative. Table 4 presents the difference between scores
from anonymized and original sentences and present the averages and standard deviations.

In all categories, the averages for Poland are negative, meaning that mentions of Poland
resulted in higher scores than thise that would have been obtained from the anonymized
sentence. In the case of Russia and Germany, the average difference for positive sentences
is positive, so mentions of these countries make the sentence seem less positive, compared
to an anonymized sentence. However, for the negative sentences, there is the same pattern
as for Poland, where the sentiment with country mention tends to be less negative than the
sentiment without it. The reverse is true for the mentions of the United States. Here, the
positive sentences typically receive higher scores, and negative sentences get even lower
scores than the ones with masked country names.

Overall, the model seems to consistently overstate the sentiment, when Poland is men-
tioned. For Germany and Russia, it tends to produce more neutral scores (e.g. less positive
for positive news and less negative for negative news), while the mentions of the US receive
more extreme values.

However, the model does not handle these tasks perfectly. There are cases, where the
outputs do not match, either because the model does not recognize all countries mentioned
in the original sentence, makes mistakes in anonymizing, or fails to provide sentiment for all
codes from masked sentences. The cases with multiple countries, nationality adjectives, or
mentions of geographical regions, institutions, companies and other entities tend to produce
mismatched outputs. These problems can be somewhat remedied by providing more precise
prompts or cleaning the data afterwards, but the method still leaves room for improvement.

5. Conclusions

One of the drawbacks of automatic text annotations with Large Language Models is
algorithmic bias. The models tend to learn the stereotypical associations present in human-
created data used to train them and it may distort the results.

In the case of Polish economic news, this study tests for the presence of geographical,
political and gender bias in sentiment scores assigned by the GPT-4o-mini model by Ope-
nAI. The method uses generated sentences with interchangeable terms related to country
names, political parties or gender, and prompt the model to assign sentiment scores on the
scale from -5 (strongly negative) to 5 (strongly positive). If the model was unbiased, there
should be no difference in sentiment scores.

The results show a significant effect of geographical bias. The GDP model tends to
judge the same sentences as more or less positive, depending on the country mentioned.
Contrary to other studies, sentiment bias was not correlated with the GDP of countries. For
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the positive sentences, the lowest scores were obtained for countries violating international
law and human rights, such as Russia or North Korea.

Political and gender bias were not that strong. Mentions of Polish parties did not dif-
ferentiate sentiment and references to both left-wing and right-wing political orientations
resulted in lower sentiment than no mention at all. Sentiment related to the ruling party was
more polarized, compared to the opposition. Positive sentences mentioning the former were
more positive, and the negative ones - were more negative. Positive sentences were also
judged slightly more positively if they mentioned a female name, but negative sentences
received more negative scores when the female gender was mentioned.

A remedy to the problem of geographical bias is proposed by masking all countries
mentioned in the text. For this purpose, a dataset of economic news headlines from the
public TV portal is used. The GPT model is prompted to assign a sentiment score from
-5 (strongly negative) to 5 (strongly positive) towards each country mentioned in the text.
Next, the anonymized sentences are created by replacing all references to countries with
codes and run sentiment analysis for that modified dataset.

The study finds that the impact of bias depends on the country. For Poland, the model
consistently provided higher scores for original sentences, compared to the anonymized
headlines. For Germany and Russia, it tended to give less positive scores for positive news
and less negative for negative news. On the contrary, the references to the US received
more extreme values than the same sentences with masked country mentions. However, the
model’s performance in country recognition and anonymization has a room for improve-
ment.

From the practical point of view for the GPT model users, testing for social bias is
a necessity. The model can exhibit stereotypical tendencies when assigning sentiment, and
the types of bias may depend on the specific data and use case. Recognizing and mitigating
such biases should be a standard procedure in any sentiment analysis using large language
models. This study shows that anonymization of the inputs may be a simple solution to
deal with geographical bias, although in a larger scale, it requires a more reliable model to
remove geographical markers from the text.

These findings could be useful for social science researchers interested in using Large
Language Models for text analysis, especially if the source text is in Polish. The prob-
lem of algorithmic bias, especially related to countries and nationality, significantly affects
the outcomes of sentiment analysis. However, the analysis is limited to Polish and short
news articles about the economy. There may be cases where gender or political bias plays
a greater role, or where sentiment analysis is distorted in other kinds of bias that have not
been tested for here.

Additional data

Tables with generated sentences and all prompts used in the analysis are available in the
repository: https://github.com/agachocz/SiT_GPT_bias_appendix.git.
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Survey sampling in wartime: addressing challenges  
for cross-national and longitudinal studies 

Olena Kaminska1 

Abstract 

Conflict situations pose unique challenges before survey sample design, three of which are 
examined in this paper in the context of the ongoing full-scale war in Ukraine. Firstly, de-
fining the population becomes a complex task as a result of substantial population changes. 
This includes internal displacement, a significant proportion of the population emigrating 
(but with a potential  future return), and a considerable number of individuals actively en-
gaged in combat who are currently unreachable for interviews. Secondly, defining house-
holds, particularly for longitudinal studies, is complicated by the temporary separation of 
many families. Thirdly, accurate accounting for vacant and demolished dwellings is essen-
tial, as national statistics often lack precise and reliable data in these areas. This study out-
lines the design of two samples: one for a cross-national European Social Survey in Ukraine 
(ESS), and the other for the longitudinal household panel study, UKRAINS. By carefully 
addressing these complex sampling challenges, it is possible to develop high-quality proba-
bility samples that account for population mobility and unpredictability in a wartime con-
text. 

Keywords: sample design, population definition, eligibility, conflict, war. 

1.  Introduction 

Conflict situations bring significant changes to populations, and these need to be 
reflected in sample design to ensure accurate representation. Unlike the usual popula-
tion dynamics in peaceful times, which include births, deaths, and relatively stable im-
migration and emigration patterns, conflict introduces large-scale and unpredictable 
changes. The full-scale invasion of Ukraine by Russia in 2022 exemplifies these chal-
lenges, presenting unique obstacles for survey sampling. 

Firstly, the conflict has led to the non-coverage of territories temporarily occupied 
by Russian forces, areas of active fighting, and adjacent unsafe regions. Additionally, 
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there has been a substantial internal displacement, with people moving from Eastern 
and Southern Ukraine to safer areas in Central and Western Ukraine (UNHCR, Re-
gional Bureau for Europe, 2024). The war has also resulted in significant emigration, 
primarily of women and children, as men are largely prohibited from leaving the coun-
try during the war (UNHCR, Regional Bureau for Europe, 2024). Furthermore, indi-
viduals currently serving in the military are not accessible for surveys. 

Household structures have also been profoundly affected, many of which are tem-
porarily separated. The two main types include: a household where the wife (and chil-
dren, if any) has left the country for safety while the husband remains in Ukraine, and 
another where one member is serving in the military while the other stays home. De-
spite the physical separation, these households often continue to function as cohesive 
units, maintaining financial and emotional support and intending to reunite as soon as 
circumstances allow (e.g. the war ends). 

The conflict has also resulted in a large proportion of vacant dwellings. Families 
may have moved abroad, joined the military, or relocated within the country to safer 
areas. The proportion of vacant houses varies by region, urban versus rural settings, 
and proximity to the frontline, reflecting the perceived safety of these areas. Reliable 
information on vacant housing is difficult to obtain prior to sampling, with many esti-
mates lacking precision. 

These complexities create a new context for planning survey sample design. This 
paper addresses these challenges through two separate designs: a cross-national survey 
and a longitudinal household survey. After a look at the Ukrainian context and litera-
ture review of the survey sampling in conflict, we follow with a brief description of the 
two studies, their objectives, and their designs. We then discuss the impact of wartime 
on the definition of a population, the associated challenges, and our solutions for a sam-
ple design. Next, we address the difficulties in defining households and our approaches 
to these issues. Vacant houses problem and how they are accounted for in the sample 
design is explored next. Finally, we describe sampling-related challenges during field-
work. The discussion section summarizes the main challenges in detail and concludes 
with suggestions for future studies in similar conflict situations. 

2. Ukrainian context 

The Russian invasion of Ukraine began in 2014 with the annexation of Crimea, 
followed by the occupation of large parts of Eastern Ukraine, including the regional 
centers of Luhansk and Donetsk. This led to a significant internal displacement, with 
many internally displaced persons (IDPs) relocating to areas under Ukrainian control. 
It is estimated that the initial stage of the war resulted in approximately 1.4 million IDPs 
moving to safer locations within Ukraine (Mikheieva & Kuznetsova, 2023). This is 
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around 3% of the total population of Ukraine of 45.4 million estimated as of 2014 (Kulu 
et al., 2022). The Minsk I and II agreements (OSCE, 2014; OSCE, 2015) led to a cessa-
tion of active conflict until 2022, allowing IDPs to settle and survey organizations to 
interview them in their new homes. This period provided invaluable experience in sur-
veying IDPs, residents near frontlines, those in occupied territories, and decommis-
sioned military personnel (e.g. Cafiero et al., 2021; ILO Decent Work Technical Support 
Team and Country Office for Central and Eastern Europe, 2016). During this time, ac-
tive fighting was confined to the frontline and occupied territories, leaving the rest of 
Ukraine relatively safe. 

The full-scale invasion launched on February 24, 2022, marked a dramatic escala-
tion, with Russia attempting to occupy most, if not all, of Ukraine. Military engage-
ments occurred in Central, Eastern, and Southern Ukraine, and Russian missiles, along 
with military drones, targeted the entire country, leaving no place safe for civilians. This 
resulted in around 8.2 million individuals leaving Ukraine, at least temporarily, and 
around 8 million being internally displaced in the first months of the war (Rogoza, 
2023). This is a substantial proportion of 37.3 million population living in Ukraine-
controlled territories as of 2019 (Rogoza, 2023). Following the invasion, martial law was 
imposed, prohibiting males of military age (18-60) from leaving Ukraine, except under 
specific conditions.  

Some people have returned home, but as of February 2024 the number of new IDPs 
moving to safer areas within Ukraine who remain displaced is estimated at 3.7 million 
(IOM UN migration, 2024). An estimated 6.4 million people remain abroad as of the 
end of 2023 (UNHCR, Regional Bureau for Europe, 2024). Of those who are abroad 6.0 
million are hosted in countries across Europe with 88 percent of them being women 
and children (UNICEF, 2024). Of those who stayed in Europe the most common coun-
tries for Ukrainians to find refuge as of 2023 was Germany (1.03 million), Poland 
(994,000), and Czech Republic (448,000). Those outside of Europe, just over 400,000, 
are mainly in Canada (220,000) and the USA (over 100,000) (UNHCR, Regional Bureau 
for Europe, 2024). Separately, 2.8 million Ukrainians have registered residence in Rus-
sia since 2022, including 19,500 forcibly deported children (Rogoza, 2023). 

Since the beginning of the full-scale invasion Ukraine has experienced profound 
additional demographic changes: mass casualties among soldiers and civilians, includ-
ing children; a significant decline in birth rates due to excess mortality and deteriorating 
living conditions; large-scale relocations from Eastern to Western Ukraine; substantial 
emigration; demographic shifts in major cities such as Odesa, Dnipro, Lviv, and Kyiv 
due to both evacuation and relocation; the movement of entrepreneurs and manufac-
turing to safer areas; and extensive destruction of civilian infrastructure, particularly 
housing (Libanova and Pozniak, 2022). 
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Despite the ongoing conflict, some Ukrainians, estimated at 900,000 (UNHCR, Re-
gional Bureau for Europe, 2024) as of the end of 2023 have returned from abroad to 
their homes, and additionally 298,000 returned from abroad to a different location from 
their original home, while many of homes still remain under occupation or near the 
frontline. Additionally, some IDPs continue to return to their homes within Ukraine, 
particularly in de-occupied areas. Many, however, are still awaiting the opportunity to 
return, with estimates of those remaining abroad about 6.4 million (UNHCR, Regional 
Bureau for Europe, 2024). 

3. Literature on sampling in conflict situations 

In any context, the primary goal of a sampling statistician is to obtain a representa-
tive sample of a population in the most cost-efficient manner. Representativeness is 
ensured by giving everyone in the population a chance to be selected, with this chance 
being known as a specific probability (Kish, 1965). Sampling in conflict situations 
shares the same fundamental challenges as in other contexts but faces two additional 
significant issues: large population movements, such as an influx of refugees to neigh-
boring countries or internal displacement of people (Anguilera et al., 2020; Mneimneh 
et al., 2014; Lubbad, 2024), and often a lack of up-to-date sampling frame information, 
which quickly becomes unrepresentative of the new reality of population distribution 
(Anguilera et al., 2020; Mneimneh et al., 2014; Lubbad, 2024; Box and Thomas, 1944). 
Similar challenges are encountered in surveys conducted in post-conflict situations, 
partly due to the population movement back home after temporary shelter in other 
parts of the country or abroad (Lynn, 2004). 

Sampling theory has made significant advances in the field of selection where no 
sampling frame is available (e.g. West, 2016), for hard-to-reach populations (e.g. Raif-
man et al., 2022), or even where the population is highly mobile (Raifman et al., 2022; 
Reichel and Morales, 2017). By combining these methods with classic selection tech-
niques driven by the context of the available sampling frame information, statisticians 
can develop probability samples in conflict situations. Common solutions to the lack of 
up-to-date sampling frame and population distribution information include using sat-
ellite imagery to define first-stage clusters (Anguilera et al., 2020; Mneimneh et al., 2014; 
Lubbad, 2024), satellite photographs with random point estimates and circles around 
them as clusters (Shannon, 2012), multiple frames, respondent-driven samples 
(Mneimneh et al., 2014; Khoury, 2019), and random walk samples (Shannon, 2012; 
Spagat, 2012). 

Simultaneously, several considerations must be addressed: due to safety concerns, 
some insecure areas may be excluded (Mneimneh et al., 2014), or access to affected 
communities may be limited (Spagat, 2012; Mneimneh et al., 2014). When situations 
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rapidly change, flexibility in sample design is required to reflect new security concerns 
and population flows (Mneimneh et al., 2014). Importantly, noncontact and nonre-
sponse (Mneimneh et al., 2014; Lubbad, 2024) and mistrust (Lubbad, 2024) may also 
be higher. Additionally, new sampling frames may become available during conflicts, 
such as ration card lists in WWII UK (Box and Thomas, 1944), UNICEF immunization 
lists in Afghanistan, and food distribution lists in Kosovo (Mneimneh et al., 2014). 

Ukraine has successfully conducted social surveys during the ongoing armed con-
flict since 2014, primarily via face-to-face mode, and since COVID-19 also via phone 
mode (largely mobile phones) (Paniotto, 2022). Among survey errors, the war has im-
pacted coverage error, unit nonresponse, and measurement error (for sensitive ques-
tions) but has not affected sampling error, item nonresponse, interviewer error, or pro-
cessing error (Paniotto, 2022). In the Ukrainian context, coverage error results from the 
inability to survey occupied territories by Russia, and to a lesser extent, areas near the 
frontline. However, this noncoverage in terms of population percentage does not 
equate to the proportion that lived in these areas before the war. A significant portion 
of that population have moved to safer parts of Ukraine, where they are reachable and 
can be interviewed by a survey organization. Similarly, areas close to the frontline have 
negligible populations remaining, while most residents have moved to other parts of 
Ukraine or abroad (Paniotto, 2022).  

A separate consideration involves newcomers to occupied territories, where Russia 
has intentionally illegally settled Russians (Myroshnychenko, 2023). Although they re-
side in the geographically recognized territory of Ukraine, they never lived there before 
and did not have Ukrainian citizenship. Including or excluding them from the popula-
tion is a theoretical consideration that should reflect research aims. In practice, while 
the war is ongoing and Russia controls these territories, it is likely that there will not be 
access for an objective social survey of Russian settlers in Ukrainian territories. Such 
proportions are not negligible, as it is estimated that 500,000 – 800,000 illegal new Rus-
sian settlers have been living in Crimea since 2014 (Ostiller and The Kyiv Independent 
news desk, 2023), while the Crimean population in the 2001 Census was just over 2 
million (Wikipedia contributors, 2024); and 40,000 Russian citizens settled in Mariupol 
as of 1 July 2023 with Russians planning for this number of go over 300,000 with pre-
invasion population of Mariupol of around 420,000 (Myroshnychenko, 2023). 

Estimating population totals and density in Ukraine presents an additional chal-
lenge. With significant population movements, an outdated Census from 2001, and no 
reliable administrative data depicting the full population picture, innovative methods 
are required. Sarioglo and Ogay (2022) propose an innovative method of population 
estimation by modelling population size, density, and location using mobile network 
and mobile phone operators’ data combined with administrative registers and a social 
survey on mobile device usage. This approach provides timely estimates of population 
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size across regions and localities and potentially their changes. Yet, the approach is lim-
ited to Ukraine-controlled territories where Ukrainian mobile service is available.  
In areas not controlled by Ukrainian government Russia blocks the mobile signal to 
Ukrainian networks, and data usage of mobile phones becomes unavailable, thus pre-
venting population estimates in occupied territories.  

Finally, the Ukrainian context also poses challenges for longitudinal studies. Estab-
lishing a longitudinal panel before the start of a war has substantial advantages, as con-
tinuing through the war can provide invaluable information on opinion and life 
changes. However, this also brings methodological challenges. A two-wave opinion 
study by PONARS collected in December 2019 via face-to-face mode and in October 
2022 via telephone in Ukraine faced significant challenges due to large population 
movements, especially from Eastern parts of Ukraine (Rickard et al., 2023). This re-
sulted in substantial attrition with important differences across regions, with higher at-
trition rates in areas with higher civilian fatalities, often concentrated on the frontline 
and in occupied territories. This is critical for opinion surveys in Ukraine because East-
ern Ukraine had different political attitudes, including those towards Russia and 
NATO, compared to Western Ukraine prior to the full-scale war. The task of a meth-
odologist is to disentangle true changes in opinion from changes due to attrition caused 
by the war. Here, attrition combines two factors: typical nonresponse and eligibility 
definition, where a significant portion of the population may become ineligible. Rickard 
et al. note that they excluded Ukrainians who moved abroad (to Western countries or 
to Russia) between the first and second waves of data collection, which may include 
substantial proportions of Eastern Ukrainians. Such exclusion may lead to observed 
changes in opinions, which need to be accounted for when analyzing longitudinal data 
for pre- and post-war analysis. 

4. Sampling theory and conflict 

The first step in planning a sample design is to define the population we aim to 
represent. This population consists of units of analysis and should be entirely driven by 
the theoretical needs of the research, without consideration of practical challenges, 
sampling frame limitations, or other constraints. For example, in the Ukrainian con-
text, we might be interested in residents or households currently living in Ukraine (en-
compassing the entire 1991 recognized territory). 

The first challenge faced by survey data collection in conflict zones is the safety of 
interviewers, particularly in face-to-face surveys. Data cannot be collected in occupied 
territories or areas near the frontline, resulting in non-coverage. Addressing this issue 
involves acknowledging these limitations in the analysis and interpretation of results, 
as there is little scope for a practical solution. 
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The next step in sample design is to ensure the probability nature of the sample, 
meaning every eligible unit of the population should have a known, nonzero chance of 
being selected. In the Ukrainian context, accurate pre-full-scale-war population statis-
tics, specifically population estimates for electoral districts and precincts (from 2019), 
can serve as a convenient sampling frame. Since the start of a full scale invasion signif-
icant population changes have occurred across these districts and precincts which is 
crucial to recognize in the design. 

Incorporating a longitudinal aspect into a panel adds a time dimension to the pop-
ulation definition. In peaceful circumstances, this involves accounting for mortality and 
incorporating newborn children into the study. Migration considerations include peo-
ple who have left the population and, through boosts, recent immigrants (including 
population rejoiners). In conflict situations, these aspects still need to be addressed, but 
additional challenges arise. Solutions are required to represent newly deoccupied terri-
tories when they become safe, to include households when they rejoin, to account for 
substantial future internal movements when parts of the country become deoccupied 
and safe, and to reflect changes in the population when the war is over. 

5. Data 

We explore two surveys planned for Ukraine to be conducted during the war: 
Round 11 of the European Social Survey (ESS) and a longitudinal household survey 
(UKRAINS). 

The ESS is a cross-national survey conducted biannually in 20-30+ countries. It is 
a cross-sectional, face-to-face survey of adults (15+ years old) aiming for an effective 
sample size of 1,500 per country (or 700 in very small population countries). Its main 
goal is to provide data on attitudes, beliefs, and behavior patterns for cross-country 
comparison, enabling time-trend analysis for some core questions (European Social 
Survey European Research Infrastructure Consortium [ESS ERIC], 2021). Round 11 
took place in 2023-2024, with Ukraine participating. 

The ESS methodology focuses on cross-country comparability, ensuring con-
sistency in questionnaire design, fieldwork procedures, nonresponse correction, and 
sample design. The ESS survey in Ukraine is planned within this context. 

The second survey planned for Ukraine is the longitudinal household survey 
(UKRAINS). Its aim is to represent the people of Ukraine longitudinally in their house-
hold context, starting in the current situation and following them into the long-term 
future. The goal is not only to track individuals currently living in Ukraine, but also to 
be able to represent Ukrainian population as it changes in the future, and to represent 
household structure in its novel temporary state, where some households are separated. 
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The planned sample size is 4,000 households in wave 1, with around 12,800 adult (18+) 
individual interviews. 

6. Population definition and noncoverage in the context of conflict 

The ESS employs a standard population definition across all participating coun-
tries, including all persons aged 15 or older living in private dwellings. This definition, 
essential for cross-national and time-series comparability, presents several challenges 
in the current Ukrainian context: 
 Ukrainians abroad: Ukrainians who are abroad are not part of the population defi-

nition. An estimated 6 million people left Ukraine in early 2022. This substantial 
proportion, relative to the pre-war population of around 40 million, includes many 
who intend to return but are currently not in Ukraine. These individuals are ex-
cluded from the Ukrainian ESS population but may be included in ESS surveys  
in their current countries of residency. 

 Servicemen Not Living at Home: Between 600,000 and 1 million people are esti-
mated to be in service, often not living at home. These individuals, part of the 
Ukrainian population more broadly, are now excluded from ESS definition as they 
do not reside in private dwellings. 

 Unsafe Areas for Face-to-Face Interviews: Around 20% of Ukrainian territory is 
currently occupied by Russians, including Crimea and major cities like Luhansk, 
Donetsk, and Mariupol. Unsafe areas also include frontline and nearby areas, which 
are reached by Russian shelling. Interestingly, the population definition would 
technically include many Russians who moved into the vacated homes of Ukrainian 
families who fled the war following the invasion. In Crimea, it is estimated that 
400,000 Russians have relocated since the Russian occupation, accounting for 20% 
of Crimea's 2013 population. However, due to non-coverage, it is not possible to 
study this subgroup.  
When the war ceases, the data will quickly become outdated in terms of population 

representation. Comparison to future ESS rounds will be problematic as changes in 
opinions will be confounded with population shifts. However, the ESS sample design 
aims to represent individuals aged 15+ currently living in private dwellings in Ukraine. 

UKRAINS aims to represent the current and future Ukrainian population. It con-
siders the return of people currently abroad, servicemen rejoining their families post-
war, and internal population movements following de-occupation. To achieve this, 
UKRAINS plans for: 
 Sample refreshments to include de-occupied territories; 
 Sample refreshments across Ukraine to include returning households; 
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 Include servicemen as panel members, initially through proxy interviews; 
 Include family members currently abroad in split households, if at least one mem-

ber remains in a private dwelling in Ukraine. 

The definition for UKRAINS is: people living in private dwellings in Ukraine and 
their household members. 

Non-coverage of unsafe territories, as described for ESS, also applies to UKRAINS. 
However, in a longitudinal context, the definition of unsafe territories may change with 
frontline movements and de-occupation. People returning to de-occupied territories, 
both IDPs and those returning from abroad, will need to be represented. Some individ-
uals may have remained in their homes throughout the occupation and thus would not 
have a chance to be included in the initial panel selection. These individuals would need 
to join the panel upon de-occupation. To represent all three categories of people, a sep-
arate sample from de-occupied territories is necessary. This approach should account 
for the double selection probabilities of returning IDPs or other people, who might be 
selected initially in safer areas and again upon their return. A sampling statistician may 
consider excluding such people based on their previous chance of selection. However, 
reselecting them through a refreshment sample can mitigate the effects of attrition po-
tentially heightened by shifts in life circumstances or geographic relocation. Conse-
quently, it may be more practical to conduct a representative sampling in recently de-
occupied territories, adjusting for the dual selection probabilities associated with inter-
nally displaced persons (IDPs) or other individuals migrating from previously safer re-
gions of Ukraine. A simple representative sample in de-occupied territories also avoids 
challenges of household eligibility definition, particularly in cases where only some 
members of a household relocated from other parts of Ukraine, while others remained 
during the occupation. In such situation a selection of the household would be auto-
matic into a sample, but sample selection probabilities would be calculated separately 
for each household member, reflecting their previous circumstances at the time of the 
original panel selection. 

Since Russia's full-scale invasion in February 2022, many Ukrainians have returned 
home for various reasons, including the reduced likelihood of Kyiv, Central, and North-
ern Ukraine being occupied and better protection from Russian air threats. However, 
safety is not guaranteed, and larger population movements are expected when the war 
ends. Therefore, two types of refreshments are needed: during the war to account for 
those returning home from abroad, and post-war to account for a potentially larger 
internal movement and further returns from abroad. 

In terms of the timeline UKRAINS aims to represent life events since the beginning 
of the full-scale invasion. As the panel has not been in field at that time, retrospective 
data collection through an event history calendar (EHC) is planned. This will gather 
detailed information on major life events for all panel members since February 2022, 
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regardless of their start time in the panel. This approach will allow for the study of war 
experiences and their influence on future life decisions. 

A separate group of interest includes IDPs. Those residing in private dwellings 
within government-controlled areas can be selected through an address-based sample. 
This includes IDPs who reside on their own or with relatives and / or friends in safer 
parts of Ukraine. However, representing IDPs in temporary shelters (such as hotels, 
hostels, and schools) presents a challenge. When practical restrictions prevent inter-
viewing these individuals, future refreshment samples may include them once their cir-
cumstances stabilize. 

In the current context of Ukraine, defining a household presents unique challenge, 
partly due to the presence of multiple households cohabiting in the same dwelling. This 
arrangement often arises as families host relatives or friends from less secure regions, 
or as households join relatives in rural areas with alternative heating sources, particu-
larly during winter, in response to Russian targeting of Ukrainian infrastructure. Given 
these dynamics, different researchers may adopt distinct household definitions tailored 
to their specific research questions. In this context, a practical approach for a sampling 
statistician may involve selection of all individuals residing at the same dwelling  
(i.e. the same postal address) and collecting data on key household dynamics. Questions 
addressing shared meals, financial arrangements, and prior household compositions 
would provide flexibility, enabling researchers to apply various household definitions 
according to their analytical needs. 

The population definition related to split households is discussed in the following 
section. 

7. Household survey of split households 

ESS primarily focuses on individual opinions, beliefs, and behavior, rendering 
household context relatively insignificant. Conversely, UKRAINS is a household panel 
study that examines life decisions and choices, where household context is crucial. The 
standard household definition—comprising individuals who live together and share fi-
nances and meals—may not accurately reflect the current situation in Ukraine, where 
many households are temporarily split. 

For example, a husband serving at the frontline for over a year, while his wife and 
children remain at their family home, still supports his family financially, communi-
cates frequently, and plans to return home post-war. Despite the physical separation, 
they consider themselves one household. Another example involves a wife and children 
who have relocated to a safer European country, while the husband remains in Ukraine, 
unable to leave due to wartime restrictions. They maintain financial ties, communicate 
daily, and intend to reunite once it is safe. We refer to these as temporarily split house-
holds. 
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At the data collection stage, we could define households in several ways: as those 
who lived together before February 2022, as those who currently share finances, or 
based on individuals' own definitions of their household as they see it today. However, 
it is critical to include all household members at the panel's start to fully understand the 
household context, encompassing members not currently residing at the dwelling. 
UKRAINS plans to include servicemen who belong to the household as panel members, 
conduct brief proxy interviews while they are serving, and conduct full interviews upon 
their return. The study also intends to interview household members abroad via online 
video calls, continuing these interviews over time. This approach will enable the study 
of household dynamics including when members from abroad return to Ukraine. 

While some servicemen and Ukrainians living abroad will be represented in the 
study, not all of them will be included. Households without a member residing in  
a private dwelling will be excluded from the initial wave, for example where a single 
servicemen lived alone before deployment or households where all members have 
moved abroad. However, they will be represented in future refreshments if they return 
to live in a private dwelling in Ukraine. 

8. Vacant and demolished houses 

Ukraine does not have a named register available to sampling statisticians, making 
an address-based sample a viable option. For the ESS sample design, 2019 electoral pre-
cincts are used as clusters, each containing an average of around 1,500 individuals aged 
18 and over, with a range of about 300 to 4,000 per precinct. By estimating average 
household sizes, we can approximate the number of households per precinct in 2019. 
However, many dwellings are now vacant or demolished, and the population distribu-
tion has changed significantly. 

The most efficient sample allocation is an equal probability sample, which, at the 
cluster selection stage, implies a proportional to population size (PPS) allocation. This 
ensures that clusters with larger populations have a higher chance of being selected, 
reflecting their relative size. Ideally, the most recent population size information would 
be used, including only current residents and excluding those who have temporarily 
left their homes. Unfortunately, high-quality, up-to-date statistics at the precinct level 
are not available. 

To address this, the plan is to select all dwellings—vacant or not—and then screen 
for occupancy among the selected dwellings. Since the exact number of vacant dwell-
ings is unknown, the selection must include both occupied and vacant dwellings in pro-
portions representative of the cluster. Importantly, as the screening will follow the se-
lection of clusters, the PPS should reflect the total number of dwellings, including both 
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occupied and vacant ones. The 2019 statistics provides a good estimate of the total num-
ber of dwellings even at the time of the war. Thus, clusters can be selected using PPS 
according to the total number of dwellings. 

There is no high-quality list of dwellings within each electoral precinct. After clus-
ter selection, enumeration is necessary, involving enumerators listing all dwellings  
in the cluster. During this stage, demolished dwellings and non-private buildings can 
be excluded. A set number of dwellings (e.g. 25) is then randomly selected in each PSU, 
and interviewers can determine occupancy during visits. Some vacant dwellings may 
not be detected and might be classified as non-contacts. Nevertheless, this sampling 
design ensures equal selection probabilities for occupied dwellings, and their PPS rep-
resentation. 

9. Challenges during fieldwork 

Several challenges can arise during the fieldwork stage. The situation may change 
between the drawing of the sample and the data collection. For example, in our experi-
ence with the ESS, the Ukrainian-controlled part of the Donetsk region was deemed 
safe at the time of drawing the sample, and two clusters were selected in this region. 
However, by the time of enumeration, the safety situation had deteriorated. While the 
overall sample size remained unchanged and enumeration proceeded in many other 
PSUs, we decided to randomly allocate additional dwellings from the Donetsk region 
across the rest of the sample. Some flexibility in the design and ability to adapt to  
a rapidly changing situation is therefore necessary, and planning for different scenarios 
in advance can be beneficial. 

Another challenge is related to males aged 25-60 who can be conscripted into mil-
itary service. While many men volunteer for service or join when called, some avoid 
service and hide in their homes. This can create difficulties for interviewers listing 
household members, as these men may not be reported to avoid detection. This issue 
can be partially mitigated through interviewer training and assurances of confidential-
ity, but some proportion of this subgroup may still be omitted during the war. To ad-
dress this, we plan to reassess household composition at the end of the war, allowing 
for updates and corrections to previous responses, including the addition of any house-
hold members not initially listed. 

We also anticipate that the reported dwelling vacancy rate may be underrepre-
sented. In unsafe regions, a neighbor might look after multiple vacant dwellings and 
may be reluctant to report these vacancies due to fear that such dwellings could be tar-
geted by criminals. While this issue does not affect population representation, it can 
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lower apparent response rates, as genuinely vacant houses will be counted as non-con-
tacts. Again, interviewer training and assurances of confidentiality can help mitigate 
this problem. 

10. Discussion and conclusions 

While theoretical sampling concepts such as population and household definitions 
are relatively straightforward in many survey contexts, conflict situations necessitate  
a much more careful consideration of these definitions, especially for longitudinal and 
household surveys. Population movement within a country, emigration and return pat-
terns at the onset of conflict, and the continued movement as some areas become safer 
or more dangerous, occupied, or deoccupied, create a fluid population that still needs 
to be accurately represented at each point in time through high-quality sample design. 

This paper provides practical solutions to sampling in a conflict situation in Ukraine 
during a full-scale war. A cross-sectional study, such as the ESS, is easier to plan since 
its purpose is to capture a snapshot of the population at a single point in time. Although 
the population described in such a study may quickly become outdated, it remains rel-
evant to a critical historical moment in the country’s life. However, analysts must be 
aware of missing subgroups: IDPs living in non-private households, servicemen (who 
now constitute a larger proportion of the population than in non-conflict circum-
stances), and individuals who are abroad unless specifically covered. 

For a household longitudinal study, additional considerations are necessary to en-
sure continuous representation of the population, reflecting all its changes. While it is 
challenging to plan for the unknown, different scenarios can be considered. This in-
cludes tracking people who flee for safety and through sample refreshment accounting 
for those who return to their old homes as areas become safe or are deoccupied. Incor-
porating split households into the design can involve including household members 
who are currently away (even long-term) if one member of the household can be inter-
viewed. These away members can be interviewed via proxy or video interviewing to 
provide a complete household context. 

Finally, post-stratification may be challenging or significantly limited compared to 
times of peace, as earlier statistics may no longer accurately reflect the current popula-
tion due to drastic changes. Even fundamental demographic characteristics, such as age 
by gender distribution, have undergone substantial shifts during the full-scale war.  
A large number of males aged 25-60 are in military service, while many young females 
and children have moved abroad. Additionally, in less safe regions, there are signifi-
cantly fewer children than before.  

Unlike in many other surveys where post-stratification can help correct for non-
coverage, the current context in Ukraine lacks reliable statistics for territories occupied 
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by Russia or frontline areas. Therefore, using poststratification to adjust for noncover-
age may not be an  option. 

Although this paper describes two studies in Ukraine in the context of 2023–2024, 
the challenges outlined are similar to those encountered in other conflict situations. 
Our sampling experience may serve as a valuable starting point for planning sample 
designs in similar circumstances elsewhere. 
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