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Abstract

This study introduces a hybrid approach that enhances mortality forecasts by
integrating machine learning techniques specifically Long Short-Term Memory
(LSTM), Bidirectional LSTM (BiLSTM), and Neural Networks (NN) with the
traditional Lee-Carter model. After deriving the time index κt from the Lee-
Carter model, these deep learning models were employed to capture complex
temporal patterns, which were then incorporated into the Lee-Carter frame-
work to improve forecasting accuracy. The hybrid models were evaluated using
historical mortality data from the United States, covering ages 35 to 80 years
from 1975 to 2020. Among the models tested, the LSTM model outperformed
all others, demonstrating superior capability in capturing time dependencies
and producing more accurate mortality forecasts. The integration of LSTM
with the Lee-Carter framework led to significant improvements in predictive
accuracy. This research demonstrates that combining traditional statistical
approaches with modern deep learning techniques, particularly LSTM, offers
a powerful method for enhancing mortality forecasting by effectively modeling
time-dependent patterns. These findings provide valuable insights and tools
for policymakers, actuaries, and healthcare professionals to improve planning
and decision-making.
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1. INTRODUCTION1

Hybrid mortality modeling has become increasingly relevant as researchers2

strive to improve the accuracy and reliability of mortality forecasts. In actuar-3

ial science, demography, and public health, accurate mortality predictions are4

crucial for understanding and preparing for future trends in life expectancy5

and mortality rates. Hybrid approaches, which integrate traditional statistical6

methods with machine learning techniques, offer enhanced capabilities for7

capturing complex patterns in mortality data. This integration allows for8

more precise forecasting, accommodating both short-term fluctuations and9

long-term trends in mortality rates.10

The importance of accurate mortality forecasting is highlighted by its sig-11

nificant economic implications. For example, life insurance companies and12

pension funds face considerable vulnerability to longevity risk, which arises13

when policyholders live longer than anticipated, resulting in the need for14

higher-than-expected disbursements. The global market for longevity risk15

is substantial, with pension-related liabilities alone estimated to be between16

USD 60 trillion and USD 80 trillion [2]. According to the World Health17

Organization, global life expectancy increased significantly from 66.8 years18

in 2000 to 73.4 years in 2019, representing a gain of more than six years19

[31]. Although healthy life expectancy increased from 58 years to 64 years20

during this period, reflecting an 8% rise, this improvement has been mainly21

attributed to reductions in mortality rates rather than a decrease in years22

lived with disability. In other words, the overall increase in life expectancy23

(6.6 years) has outpaced the growth in healthy life expectancy (5.4 years).24

This decline in mortality rates across all age groups can largely be attributed25

to significant advancements in nutrition, public health, and medical research26

aimed at the prevention and treatment of diseases. Furthermore, the COVID-27

19 pandemic highlighted the urgency of accurate mortality prediction. During28

the pandemic, the United States alone saw life insurance companies pay29

over ninety billion dollars to beneficiaries due to COVID-19-related deaths30

[1]. This demonstrates the critical role of mortality forecasts in managing31

unexpected health crises and economic risks.32

There is a long history of mortality modeling that began with the publication33

of Gompertz’s law of mortality in his seminal paper [9]. Since then, numerous34
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models have been proposed, although the endeavor to forecast mortality35

remains relatively recent. Currently, many of the mortality forecasting tech-36

niques in use, particularly those employed by European statistical offices, are37

extrapolative in nature [28]. These methods leverage observed consistency38

in age patterns and mortality trends over time, as noted in [4] and cited in39

[14]. Extrapolative techniques are considered more objective and user-friendly,40

and they are often thought to yield more accurate forecasts compared to41

expectation methods—based on expert opinions—and explanation methods,42

which predict mortality by specific causes or explanatory models [4].43

In 1992, Lee and Carter [18] introduced a novel approach to long-term44

mortality forecasting, known as the Lee-Carter (LC) model. For many years,45

the Lee and Carter [18] methodology has been the standard extrapolative46

technique for mortality projections. This model decomposes mortality into47

two components: a time-varying effect that causes all age-specific central48

mortality rates to exhibit a consistent pattern of stochastic evolution over49

time, and two age-specific parameters for each age group. However, despite50

its remarkable capabilities and robust performance, the Lee-Carter model has51

several limitations as highlighted by several researchers [17, 20, 22, 11, 25].52

Notably, its assumption of constant age-specific mortality reduction rates53

leads to unrealistic estimates and underestimation of mortality improvements54

among older populations [6].55

In recent years, hybrid forecasting models that incorporate deep learning and56

other machine learning approaches have gained increasing significance across57

various fields, including actuarial science and computer science. Several studies58

have highlighted the importance of these models [20, 22, 11]. The key emphasis59

is about how machine learning techniques offer a more flexible and data-driven60

method for predicting mortality trends. That is, Machine learning abilities61

to capture intricate interconnections and nonlinear relationships between62

covariates and mortality outcomes. Additionally, machine learning approaches63

can also enhance the evaluation of mortality estimates produced by traditional64

stochastic models, such as the Lee-Carter and Renshaw-Haberman models [7].65

There is a growing body of innovative research focused on employing machine66

learning methods in both the non-life and life sectors, particularly in the realm67

of mortality forecasting [26, 7]. However, some previous studies have combined68

the Lee-Carter model with fixed effect regression models such as random forest69

and decision trees [17]. Nonetheless, these models often fail to adequately70

represent time-dependent patterns and nonlinear correlations in mortality71
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data, resulting in erroneous estimates [11]. In actuarial and demographic72

applications, neglecting to include temporal dependence in mortality trends73

can lead to poor risk management and decision-making. Therefore, to enhance74

the accuracy of mortality forecasts and capture the complex time-dependent75

patterns in mortality data, this study investigates the use of deep learning76

models to predict κt in the Lee-Carter model.77

The primary aim of this study is to hybridize the Lee-Carter model with deep78

learning algorithms, such as Long Short-Term Memory (LSTM), Bidirectional79

LSTM (Bi-LSTM), and neural networks, to enhance the accuracy of predict-80

ing time-dependent mortality trends. The objectives of the study are 1) to81

develop a hybrid mortality forecasting model by integrating the Lee-Carter82

model with deep learning techniques such as LSTM, Bi-LSTM, and neural83

networks, and 2) to evaluate the performance of these deep learning models in84

predicting mortality for individuals aged 35 to 80. Achieving these objectives85

will answer the following research questions: 1) How can the integration of86

the Lee-Carter model with deep learning techniques improve the accuracy of87

mortality predictions for the target age group? 2) How do the predictive per-88

formances of the deep learning models LSTM, Bi-LSTM, and neural networks89

compare in terms of accuracy and reliability? This study is significant as it90

seeks to improve mortality forecasting accuracy, particularly for the aging91

population and the associated financial risks of longevity. By integrating92

traditional statistical methods with advanced deep learning techniques, this93

research aims to enhance predictive capabilities essential for policymakers,94

public health officials, and insurance providers. The Focus on individuals95

aged 35 to 80 years also provides insights into this demographic’s unique96

health challenges. Ultimately, the findings could inform effective mortality97

management strategies and policy decisions, contributing to a better un-98

derstanding of contemporary mortality dynamics. The rest of the study is99

structured as follows: Section 2 presents the materials and methods; Section100

3 presents the results with discussions; and Section 4 concludes the study101

with recommendations for future research.102
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2. MATERIALS AND METHODS103

Dataset104

This study analyzed secondary data from the Human Mortality Database105

for a selected sub-population of the United States aged 35 to 80 from 1975106

to 2020. The dataset includes a total of 89,139,773 individuals, comprising107

49,202,432 females and 39,937,341 males. Within this population, there were108

1,257,755 recorded deaths, with 509,970 females and 747,785 males. The data109

encompasses several variables: year, age, group (gender), mortality, exposure,110

and deaths. To analyze mortality trends over time in the United States, we111

computed the annual log mortality rate using the following formula:112

Log Mortality Rate =

∑n
i=1Di

E
= log

(
Di

E

)
where Di represents the total number of deaths for age group i in a specific113

year and E is the total population at risk (exposure) in that age group.114

Examining these age-specific mortality rates over several years allowed for a115

better understanding of fluctuations in mortality risk both within and between116

age groups.117

Figure 1 illustrates the relationship between age and mortality rate. The plot118

reveals a clear upward trend, indicating that individual mortality rates increase119

with age. This consistent rise in mortality rates underscores the critical role120

of age in understanding and forecasting mortality trends. Such a pattern121

is anticipated and aligns with the fundamental premise of many mortality122

forecasting models, which assert that age is the primary determinant of123

mortality probability [30, 29]. Additionally, there is a pronounced increase in124

mortality rates among individuals aged 70 and older. This steep rise highlights125

the heightened vulnerability of older age groups to mortality, emphasizing126

the need for targeted interventions and healthcare strategies tailored to this127

population.128
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Figure 1: Plot of age against mortality rate

Figure 3 illustrates a general decline in mortality rates for both females and129

males over the years, reflecting an overall improvement in mortality trends. A130

notable feature of the graph is the persistent gap between the blue and orange131

lines, which indicates that males consistently experience higher mortality rates132

than females. This observation aligns with established patterns across various133

populations, where males exhibit a 60% greater mortality risk compared134

to females [32]. However, the gradual reduction of this disparity over time135

suggests a trend toward convergence, indicating that gender differences in136

mortality may be diminishing. Interestingly, the most recent data points,137

clustered around 2020, reveal a marked increase in mortality rates for both138

sexes. This upward trend can be linked to the significant impact of the139

COVID-19 pandemic, which has profoundly affected mortality patterns across140

the globe.141
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Figure 2: Plot of mortality rates pattern against years.

Methods142

We develop a hybrid model that integrates the traditional Lee–Carter model143

with the three deep learning algorithms (LSTM, BiLSTM, and NN). We seek144

to hybridize the Lee-Carter model with each of the three deep learning models.145

This allows for the creation of distinct hybrid models, enabling us to evaluate146

the performance of each hybrid approach in forecasting mortality rates.147

Lee-Carter Model148

One popular stochastic model for predicting mortality rates is the Lee-Carter149

model. In the fields of actuarial sciences and demography, it has grown in150

importance as a technique for predicting and projecting age-specific death151

rates. The foundation of the Lee-Carter model is the notion that the overall152

level of mortality is represented by a time-varying index (t = 1,. . . .., T) and153

the log of the mortality rate at a specific age (x = 1,. . . .., X) which captures154

the distinct age pattern of death. The Lee-Carter model can be represented155

mathematically as follows.156

log(mx,t) = αx + βxκt + ϵx,t (1)

where mx,t is the central rate of mortality for age group x at time t. The157

αx parameter is the age-specific component of the average age pattern of158
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mortality which shows how mortality rates vary across different ages. The βx159

parameter measures the sensitivity of mortality rates to changes over time160

for each age group. It shows how changes in the overall mortality level affect161

mortality rates at different ages concerning the time-dependence. The κt162

parameter is a time-varying parameter that characterizes the overall mortality163

level in a given year or time. It is interpreted as a measure of the average164

mortality risk at time t. The ϵx,t (0, σ2) is the error term that accounts for165

the unobserved factors and random variability in mortality rates for each age166

group x and time t.167

To ensure that equation 1 can be identified, then:
∑

β = 1,
∑

κ = 0.168

To estimate equation 1, we employ a Singular Value Decomposition (SVD)169

approach described in [18]. We then estimate the age-specific intercept term170

by finding the average logarithmic transformed death rate for each age over171

time.172

log(mx,t) = αx + βxκt + ϵx,t

T∑
t=1

log(mx,t) =
T∑
t=1

αx +
T∑
t=1

βxκt +
T∑
t=1

ϵx,t

T∑
t=1

log(mx,t) = Tαx + βx

T∑
t=1

κt +
T∑
t=1

ϵx,t

T∑
t=1

log(mx,t) = Tαx +
T∑
t=1

ϵx,t

T∑
t=1

log(mx,t) = Tαx

αx =

∑T
1 log(mx,t)

T
(2)

We Subtract these averages from the log-transformed rates to center the data:173
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Ax = log(mx,t)− αx174

The matrix A consists of these centered values, where A is an XT matrix175

(with X being the number of age groups and T being the number of periods).176

We apply the SVD to the matrix of logarithms of rates after subtracting the177

log of the age-specific rates. We continue by modeling the time index κt to178

minimize deviations in the logs of the mortality rates.179

SV D(Ax) = SV D(log(mx,t)− αx) (3)

The result of Equation 3 will be three matrices: U,
∑

, and V T where U is180

an orthogonal matrix where the value depends on age, V T is an orthogonal181

matrix where its value is time-dependent and
∑

is a singular diagonal matrix.182

Am×n = Um×mΣm×nV
T
n×n

Σ =


σ1 0 · · · 0
0 σ2 · · · 0
...

... . . . ...
0 0 · · · σn

0 0 · · · 0


σ1 ≥ σ2 ≥ · · · ≥ σn ≥ 0

UTU = I, V TV = I

A = U1σ1V
T
1 + U2σ2V

T
2 + · · ·+ UnσnV

T
n (4)

We used a rank of 1 for the estimation of the parameters βx and κt. βx is the183

first column of U and κt is the first column of V.184

βx =
(u1,1u1,2...u1,t)∑

ux,1

9
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κt =
∑

ux,1σ1(v1,1v1,t)

Long Short-Term Memory Model185

LSTM is a form of RNN that was created to address the limitations of186

standard RNNs in capturing long-term dependencies in sequential data. It187

was introduced in [12]. The key principle behind how LSTM works is that,188

rather than using the same feedback loop connection for events that occurred189

long ago and events that occurred yesterday to forecast what will happen190

tomorrow, LSTM employs a more sophisticated structure incorporating gates191

to regulate information flow. Specifically, LSTM networks use a forget gate,192

an input gate, and an output gate to regulate which information is retained,193

updated, and sent on to the next time step. This design enables LSTM to194

efficiently preserve and use both long-term and short-term memories. This195

allows LSTMs to perform language-related tasks.196

At each time step t of the LSTM Layer Computations, the Long Short-Term197

Memory (LSTM) layer performs the following operations:198

The forget gate determines which information from the previous cell state199

should be retained and carried forward to the next cell state. The activation200

of the forget gate fn is computed as:201

fn = σg(Wf · [hn−1, xn] + bf )

where σg is the sigmoid activation function, Wf is the weight matrix for the202

forget gate, [hn−1, xn] represents the concatenation of the previous hidden203

state hn−1 and the current input xn, and bf is the bias term. The input gate204

decides how much of the new information should be added to the current cell205

state. The activation of the input gate in is computed as:206

in = σg(Wi · [hn−1, xn] + bi)

Here, Wi is the weight matrix for the input gate, and bi is the bias term. The207

temporary cell state C̃n represents the new candidate values for the cell state,208

which are scaled by the input gate before being added to the current cell209

state. It is computed as:210
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C̃n = σh(WC · [hn−1, xn] + bC)

where σh is typically the hyperbolic tangent (tanh) activation function, WC211

is the weight matrix for the cell state, and bC is the bias term. The current212

cell state Cn is updated by combining the previous cell state, scaled by the213

forget gate, and the new candidate values, scaled by the input gate:214

Cn = fn ∗ Cn−1 + in ∗ C̃n

The forget gate determines how much of the previous cell state Cn−1 to keep,215

while the input gate determines how much of the new candidate state C̃n to216

add. The output gate determines the output of the LSTM cell. The activation217

of the output gate on is computed as:218

on = σg(Wo · [hn−1, xn] + bo)

where Wo is the weight matrix for the output gate, and bo is the bias term.219

The hidden state hn is the output of the LSTM cell at the current time step.220

It is computed by applying the output gate to the tanh of the current cell221

state Cn:222

hn = on ∗ σh(Cn) (5)

LSTM uses two key activation functions, the sigmoid function transforms any223

input into a value between 0 and 1. It is defined as:224

σg(x) =
1

1 + e−x

The tanh function transforms any input into a value between -1 and 1. It is225

defined as:226

σh(x) =
ex − e−x

ex + e−x

11
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Bidirectional Long Short-Term Memory Model227

Bidirectional LSTMs are a variant of the standard two-long short-term memory228

(LSTM) that is also designed to handle sequential data. The main idea behind229

Bi-LSTMs is to analyze the input sequence both forwards and backward in230

order to allow the model to incorporate information from both past and future231

states.232

The Bi-LSTM architecture is made up of two independent LSTM layers, one233

of which processes the input sequence forward and the other backward. The234

outputs of these two LSTM layers are then merged at each time step to get235

the final result. Unlike standard RNNs, which process input sequences in just236

one way (either forward or backward), Bi-LSTM processes the sequence in237

both directions concurrently. The forward LSTM layer is the same as the238

LSTM model defined in Equation 5. Mathematically, the backward LSTM239

layer computes the following equations at each time step t:240

ft = σ(Wf [ht+1, xt] + bf ) Forget gate

it = σ(Wi[ht+1, xt] + bi) Input gate

ct = ft ∗ ct+1 + it ∗ tanh(Wc[ht+1, xt] + bc) Cell state

ot = σ(Wo[ht+1, xt] + bo) Output gate

ht = ot ∗ tanh(ct) Hidden state (6)

During the forward pass, the input sequence moves through the LSTM layer241

from the beginning to the end. At each step, the forward LSTM calculates242

its state and adjusts its memory cell using the current input along, with the243

previous hidden state and memory cell. Meanwhile, the input sequence is also244

processed by the LSTM layer in order starting from the last step and going245

back to the first. Like in the forward pass the backward LSTM computes its246

state and updates its memory cell based on the present input and previous247

hidden state and memory cell.248
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After both forward and backward passes are finished the hidden states from249

both LSTM layers are merged at every step. This merging can be as simple as250

concatenating the hidden states or applying some other transformation. One251

advantage of Bi-LSTM is its ability to capture not the preceding context, at252

a given time step (unlike RNNs) but also the subsequent context. By taking253

into account both future details Bi-LSTM can grasp intricate relationships,254

within the input sequence.255

Neural Network Model256

Neural networks are powerful machine learning models inspired by biological257

neural networks, capable of learning complex patterns and representations258

from data, [10]. It is composed of three layer: input layer, hidden layers259

and output layer which are connected by neurons. The neurons within a260

neural network receive inputs and compute a weighted sum, followed by the261

application of an activation function that introduces non-linearity. During262

the training phase, the network undergoes iterative adjustments of connection263

weights and biases. This process aims to minimize the disparity between264

predicted and actual outcomes, a technique known as optimization. The265

neural network is trained using a supervised learning approach, where the266

model learns to map input data to the desired output by minimizing a loss267

function, [5].268

The activation of a neuron j in layer l is computed as:269

zlj =
l∑

i=1

wl
ija

l−1
i + blj (7)

where wl
ij is the weight, al−1

i is the activation from the previous layer, and blj270

is the bias term. In this study, we An activation function σ is then applied to271

compute the final activation:272

alj = σ(zlj) (8)

The output layer produces the final prediction, and the performance of the273

model is measured using a loss function such as the Mean Squared Error274

(MSE):275
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MSE =
1

n

n∑
i=1

(yi − ȳi)
2 (9)

where yi is the actual value and ȳi is the predicted value.276

Neural networks are trained using optimization methods such as Gradient277

Descent and backpropagation, which modify the weights to reduce the loss278

function. This allows neural networks to capture complex trends, making279

them crucial for tasks like credible mortality forecasting.280

Formation of the Hybrid Mortality Forecasting Model281

We lagged the data before using it to train the LSTM, Bi-LSTM, and neural282

network models. Lagging the data captures the temporal dependencies283

inherent in time series data which allows the models to learn from past values284

and generate accurate future predictions. Lagged data creates a sequence285

for the model to learn from, allowing it to identify trends, seasonality, and286

temporal patterns [19, 3]. We assumed that the first three years’ κt values287

could serve as a reliable indicator for forecasting the fourth year’s value. This288

approach from [22] has shown to be an excellent method of estimating the289

time series variable κt, which is also described by [13].290

The following table illustrates the dataset used for the LSTM, Bi-LSTM, and291

NN models, including the actual κt values and their lagged versions:292

Table 1: κt values used for training and testing the models
Year κt values lag1 lag2 lag3

1978-01-01 9.605133 10.171352 11.318423 12.040781
1979-01-01 8.279512 9.605133 10.171352 11.318423
1980-01-01 8.768251 8.279512 9.605133 10.171352
1981-01-01 7.834674 8.768251 8.279512 9.605133
1982-01-01 7.133978 7.834674 8.768251 8.279512

...
...

...
...

...
2016-01-01 -9.022713 -8.882640 -9.100307 -9.005688
2017-01-01 -9.040511 -9.022713 -8.882640 -9.100307
2018-01-01 -9.326591 -9.040511 -9.022713 -8.882640
2019-01-01 -9.794005 -9.326591 -9.040511 -9.022713
2020-01-01 -3.408362 -9.794005 -9.326591 -9.040511
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In the study, we employed an 80%-20% data split to allow for a thorough293

evaluation of our models’ capabilities, with 80% of the data used for training294

and the remaining 20% serving as the testing dataset. We used the lagged295

data for training, while the actual κt values were used for testing.296

For the initial forecasts, we used LSTM, Bi-LSTM, and Neural Networks.297

Each model was trained on the lagged training dataset, and 5-fold cross-298

validation was used to assess and evaluate the models’ prediction performance299

while avoiding overfitting. Using cross-validation, we were able to successfully300

integrate the predictions from each model. The hybrid model properly predicts301

the time index κt for the Lee-Carter model. This integration improves the302

Lee-Carter model’s ability to forecast mortality rates. The forecast values303

are then substituted into the original Lee-Carter model to estimate mortality304

rates. The age-specific parameters in the Lee-Carter model are expected to305

remain constant across time.306

To assess the predictive accuracy of our proposed model on data, we generated307

predictions for each individual model, particularly LSTM, Bi-LSTM, and NN.308

We next compared three widely utilized Root Mean Squared Error (RMSE),309

Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE)310

to assess the performance of each model. Our goal was to obtain lower values311

of RMSE, MAE, and MAPE for our suggested models, since this suggests312

improved prediction performance and generalization to the data. The error313

metrics utilized in this study are mathematically defined as follows:314

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (10)

MAE =
1

n

n∑
i=1

|yi − ŷi| (11)

MAPE =
100%

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (12)

where yi represents the actual values, ŷi denotes the predicted values, and n315

indicates the number of observations.316

15

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 15, 2025. ; https://doi.org/10.1101/2025.10.13.682203doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.13.682203
http://creativecommons.org/licenses/by/4.0/


3. RESULTS AND DISCUSSION317

Results318

Figure 3 shows the relationship between age and mortality rates, with data319

points color-coded by year and ranging from 1975 to 2020. The red regression320

line overlays the scatter plot, which emphasizes the overall trend between age321

and the mortality rate. The color gradient changes from purple (previous322

years) to yellow (recent years) to add a time component to the analysis. The323

figure clearly shows a positive correlation between age and mortality rates.324

As individuals age, their mortality rate steadily rises. The mortality rate325

increases gradually between the ages of 35 and 50. The scatter points are326

densely packed and relatively low, which implies a consistent and reduced327

mortality risk among younger people. This slow move implies that while328

mortality does increase with age, the danger is quite minor until the age of 50.329

It then starts to rise significantly between the ages of 50 and 65. The points330

begin to spread out further, and the slope of the regression line becomes331

steeper than in the 35-50 age range. After the age of 65, it accelerates rapidly.332

The points go up the y-axis, and the regression line’s steep slope indicates333

a considerable increase in mortality. The significant increase suggests that334

people over 65 have a significantly higher chance of death.335

Figure 3: Plot of mortality rates pattern by age group.
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Figure 4 shows the mortality trends of individuals in the United States from336

age 35 to age 80 from the year 1975 to the year 2020. From the plot, we can see337

an overall downward trend in mortality rates for most age groups from 1980338

to about the year 2010. This decreasing trend indicates that advancements339

in various areas, including healthcare, living conditions, and overall quality of340

life, have led to a progressive drop in mortality rates over the last few decades.341

However, this positive trend appears to be disrupted around the year 2020,342

with a notable increase in mortality rates across practically all age groups.343

This sudden rise could be attributed to the COVID-19 pandemic, which had344

a considerable influence on worldwide death rates, particularly among older345

age groups who are more vulnerable to the virus, [21].346

Figure 4: Plot of a trend showing mortality rate against years for all age groups

Tables 2, 3, 4 present the estimated kt values for males, females, and the347

total population as derived from the Lee-Carter model using Singular Value348

Decomposition (SVD). The kt values serve as indicators of mortality rates,349

which exhibit a general declining trend over time.350

17

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 15, 2025. ; https://doi.org/10.1101/2025.10.13.682203doi: bioRxiv preprint 

https://doi.org/10.1101/2025.10.13.682203
http://creativecommons.org/licenses/by/4.0/


Table 2: Estimated male κt

Year kt_values

1975 14.401631
1976 13.733420
1977 12.610189
1978 12.027303
1979 10.693669

...
...

2016 -10.676321
2017 -10.693316
2018 -10.777154
2019 -11.297666
2020 -4.767075

Table 3: Estimated female κt

Year kt_values

1975 8.705711
1976 8.011024
1977 6.931560
1978 6.449875
1979 5.236618

...
...

2016 -7.166915
2017 -7.189877
2018 -7.736503
2019 -8.155179
2020 -2.496647
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Table 4: Estimated Total κt (1975 - 2020)

1975-1997 1998-2020

Year κt Year κt

1975 12.04078149 1998 -0.05833998
1976 11.31842258 1999 -0.20085416
1977 10.17135173 2000 -0.80713630
1978 9.60513269 2001 -1.51180769
1979 8.27951194 2002 -1.98819315
1980 8.76825079 2003 -2.68310507
1981 7.83467391 2004 -4.23448208
1982 7.13397824 2005 -4.47961205
1983 7.18130481 2006 -5.63225902
1984 6.76811536 2007 -6.60085383
1985 6.74531104 2008 -6.71262441
1986 6.25808518 2009 -7.79976763
1987 5.75464300 2010 -8.43229879
1988 5.56548467 2011 -8.70511172
1989 4.51438524 2012 -9.07272625
1990 3.72790227 2013 -9.00568829
1991 3.18708345 2014 -9.10030728
1992 2.49613971 2015 -8.88263957
1993 2.99694232 2016 -9.02271288
1994 2.33911521 2017 -9.04051145
1995 2.03341385 2018 -9.32659108
1996 1.33569908 2019 -9.79400455
1997 0.44426087 2020 -3.40836221

Figure 5 presents the estimated βx values derived from the Singular Value351

Decomposition (SVD), plotted against age groups measured in years. The352

graph illustrates that different age groups exhibit varying degrees of change353

in mortality rates, as reflected in their corresponding βx values. Notably, the354

rate of change is most pronounced for individuals aged 35 to 38, with a slight355

decline observed after age 38. Subsequently, there is a significant increase356

around age 40, followed by another decline at age 63. This comprehensive357

depiction enhances our understanding of the dynamic patterns in mortality358
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rate variations across various age groups over the observed period.359

Figure 5: Plot of βx of the Lee-Carter model against age

Analyzing these plots allows for a clearer understanding of how mortality360

rates are structured across different ages and how they evolve over time for361

females. The trends depicted in these parameters facilitate more accurate362

forecasting of future mortality rates by capturing the underlying patterns and363

their progression.364

Application of the LSTM, Bi-LSTM, and the neural network models to the365

United States mortality data set.366

In this section, we delve into the performance evaluation of three machine367

learning models: Long Short-Term Memory, Bidirectional LSTM, and Neural368

Network. The evaluation procedure focuses on assessing each model’s pre-369

dicted accuracy, using evaluation metrics that give essential insights into their370

respective performances. We summarize the error metrics in the Table 5.371
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Table 5: Error Metrics
Metric MSE MAE MAPE
LSTM 5.3590 1.2734 0.3083
Bi-LSTM 5.3298 1.2973 0.3101
NN 5.4586 1.4879 0.3292

From the Table 5, we can observe that the Bi-LSTM has the lowest MSE372

indicating that it has the smallest average squared errors. The LSTM tends373

to have the lowest MAE and MAPE indicating that on average, LSTM’s374

predictions are closer to the actual values. With the lowest MAE and MAPE,375

the LSTM showed superior in predicting κt.376

We compare the predicted κt values from 2015 to 2019, produced using hybrid377

models, with the actual κt values. The predicted κt values are then used378

to estimate mortality rates by replacing them into the original Lee Carter379

equation. We assume constant values for αx and βx, as proposed by Lee and380

Carter in 1992. Table 6 shows predicted and actual death rates for the years381

2015 to 2019.382

Table 6: Actual and Predicted κt Values
Year Actual κt Predicted κt Predicted κt Predicted κt

(LSTM) (Bi-LSTM) (NN)
2015 -8.8826396 -8.803983 -8.768156 -8.543645
2016 -9.0227129 -8.776583 -8.737502 -8.488410
2017 -9.0405115 -8.773879 -8.737778 -8.438983
2018 -9.3265911 -8.780485 -8.749879 -8.477440
2019 -9.7940046 -8.842212 -8.811502 -8.616756

Discussion383

Our mortality forecasting study identified persistent patterns in mortality384

rates, with older individuals experiencing a higher mortality rate compared385

to younger individuals. This finding aligns with previous research by Pierce386

et al. [23], which revealed that mortality rates rise exponentially with age.387

Contributing factors include weakened immune systems, accumulated health388

risks over time, and increased susceptibility to chronic diseases [8]. These389

results underscore the necessity for specialized healthcare treatments tailored390
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to distinct age groups to address their unique vulnerabilities. While preventive391

measures and early detection programs may be more effective for older392

populations, it is crucial for younger individuals to address lifestyle and393

environmental factors to mitigate long-term health risks.394

Our analysis of mortality rates in the US revealed a consistent decline across all395

age groups over time. This positive trend can be attributed to several factors,396

including improved education, better healthcare services, and enhanced living397

conditions [33]. Increased health awareness and access to medical facilities398

have led to earlier disease identification and treatment, significantly reducing399

mortality rates. Public health initiatives, such as immunization programs400

and anti-infective disease campaigns, have been instrumental in this decline.401

Furthermore, improved nutrition and hygiene have yielded broad health402

benefits by reducing the incidence of malnutrition and waterborne infections.403

This integrated approach to health has resulted in a more robust population404

capable of effectively managing diseases.405

The time index kt from the Lee-Carter model demonstrates a strong decreas-406

ing trend, indicating a systematic decline in mortality rates. This pattern407

suggests improvements in population health and lifespan, consistent with408

the demographic transition hypothesis [24]. This hypothesis explains how a409

country’s birth and death rates shift from high to low as it develops. Fac-410

tors such as better healthcare, improved living conditions, and public health411

initiatives contribute to this decline [15]. Advances in medical technology,412

enhanced access to healthcare services, and effective disease prevention and413

management programs have all played a role in this upward trend. These414

enhancements not only increase life expectancy but also improve the quality415

of life for many individuals.416

Initially, the error metrics for our models were significant, reflecting challenges417

in effectively collecting and modeling historical data. Machine learning models,418

including LSTM, Bi-LSTM, and neural networks, are particularly sensitive to419

data quality issues such as noise and outliers [34]. These challenges can lead420

to overfitting or underfitting, adversely affecting the forecast accuracy of each421

model. Our findings are consistent with other research on mortality prediction.422

For instance, Scognamiglio et al. [27] demonstrated that several recurrent423

neural network models, including LSTM and Bi-LSTM, frequently outperform424

traditional models like the Lee-Carter model in capturing nonlinear patterns425

and providing accurate projections. These neural network models excel at426
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processing time-series data and can learn complex temporal relationships,427

making them well-suited for mortality forecasting. However, the study also428

highlighted the challenges of predicting sudden fluctuations in mortality rates,429

a common issue across all modeling methodologies [16]. In our case, the430

unexpected occurrence of the COVID-19 pandemic caused a sudden shift in431

mortality rates, complicating accurate forecasts.432

4. CONCLUSION433

This study aimed to enhance mortality forecasting by integrating the Lee-434

Carter model with hybrid forecasting models, including LSTM, Bi-LSTM, and435

Neural Networks, focusing on accurately capturing temporal dependencies in436

mortality trends. Utilizing lagged data for training enabled effective modeling437

of these trends, with the LSTM hybrid model outperforming the Bi-LSTM438

and Neural Networks due to its capacity to capture long-term dependencies439

in sequential data. While Bi-LSTM models may lead to overfitting, the440

LSTM’s emphasis on historical data points proved more effective for mortality441

forecasting. The LSTM-Lee-Carter hybrid model yielded the most accurate442

mortality rate estimates, illustrating the potential of combining hybrid models443

with traditional actuarial frameworks to improve prediction accuracy. The444

findings offer valuable insights for policymakers, actuaries, and healthcare445

practitioners, enhancing decision-making and preparation for demographic446

and health-related challenges.447
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