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When I started planning to write about piecewise 

regression, two words immediately came to mind: 

“knots” and “pieces.” In the Oxford Learner’s 

Dictionary, a knot is a join made by tying two pieces 

together, and a piece is simply part of something 

larger. That idea fits well with many problems in 

health research, where the relationship between an 

exposure and an outcome is rarely a single, simple 

pattern. Drug responses can change across dose levels, 

cognitive aging may shift after retirement, biological 

thresholds can affect disease detection, and policies or 

interventions can alter behavior over time. In 

situations like these, the key question is not whether a 

relationship exists, but when it changes. This paper 

introduces how piecewise linear regression works and 

discusses when it is most appropriate to use. 

Core Concept of Piecewise Regression 

Piecewise linear regression, also known as segmented 

or spline regression, models relationships that change 

at specific points by fitting connected linear segments 

to the data. It is useful when a single straight line 

cannot capture clear shifts in trend and is commonly 

applied around cutoff values or key events, such as 

interventions, laboratory thresholds, or disease 

transitions.1–3 These points, called breakpoints or 

“knots,” mark where the slope changes.1 Knots may be 

identified visually or estimated from the data and 

should reflect meaningful real-world thresholds.3,4 

Once included in the model, they divide the 

relationship into linear segments or “pieces”, allowing 

the trend to change while remaining smoothly connected. 

Although piecewise and segmented regression are 

essentially the same modeling approach, spline 

regression shares a similar foundation but differs 

conceptually.2,5–7 The primary aim of a piecewise model 

is to detect or test a changepoint. It fits separate linear 

segments with slope changes at predefined breakpoints, 

which are often substantively meaningful. This makes 

interpretation straightforward and emphasizes explicit 

threshold effects.5–7 In contrast, spline regression is 

designed to flexibly model nonlinearity. It enforces 

smoothness at knots, which are typically chosen based 

on the data, to capture gradual changes in the 

relationship. Depending on the type of spline, the 

model may require explicitly specified knots, such as 

in regression splines, or may handle smoothness 

automatically without user-defined knots, as in some 

smoothing spline approaches. While splines are well-

suited for smooth continuous patterns, their 

interpretation can be more complex.8–10 As practical 

examples, piecewise regression models can be used to 

evaluate an intervention introduced at Month 6, to test 

whether the slope changes before versus after a policy 

implementation, or to assess outcome changes at a 

body mass index (BMI) threshold of 25 kg/m². In 

contrast, spline regression is more suitable for 

modeling age versus cognitive score across the 

lifespan, examining dose–response relationships, or 

capturing outcome changes driven by continuous 

biological processes. 

In longitudinal studies such as randomized clinical 

trials or observational follow-up research, changes in 

the mean response over time are often not strictly 

linear; the data may appear linear over short intervals 

before shifting direction. Although higher-order 

polynomial models can approximate these patterns, 

they risk overfitting and may behave unstably at the 

boundaries, where small data changes can cause large 

swings at the extremes.8,9,11,12 Piecewise linear  
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regression may offer a more flexible and interpretable 

alternative for modeling such nonlinear trends. By 

fitting segmented linear models, common nonlinear 

patterns can be captured clearly and effectively.2,10,13 

As shown in Figure 1, the coronavirus disease 2019 

(COVID-19) data do not follow a single linear trend. A 

standard linear regression, therefore, provides poor 

predictions, as it fails to capture the rise–fall pattern.  
 

Although polynomial models may improve overall fit, 

their parameters are often difficult to interpret 

meaningfully. In contrast, piecewise regression offers 

a practical alternative by introducing a meaningful 

breakpoint, such as the implementation of preventive 

measures during the COVID-19 epidemic. This 

approach captures differences in case rates before and 

after the intervention, improving both model fit and 

interpretability. 

 

Figure 1. Model fit for COVID-19 case rate over time. 

 

Figure 2 demonstrates that a single linear trend does 

not adequately describe the relationship between 

lisinopril dose and change in systolic blood pressure. A 

piecewise regression model with knots at 2.5, 10, and 

20 mg/day substantially improves model fit. A restricted 

cubic spline model produces a smoother functional 

form, yet in this case yields very similar results. This 

similarity is likely because the knots were specified at 

the same dose cutoffs and the administered doses are 

discrete rather than continuously distributed. As a 

result, both models capture the underlying pattern in 

a comparable manner. If dose levels varied more 

continuously across a broader range, the spline 

approach would be expected to display a smoother 

curve and potentially highlight more gradual 

nonlinear trends. Overall, piecewise regression is 

preferable when the focus is on clear cutoffs and 

straightforward interpretation, whereas restricted 

cubic splines are better suited for modeling continuous, 

smoothly changing dose–response relationships. 

 

Figure 2. Model fit between lisinopril dose and systolic blood pressure change. 
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Statistical Foundations of Piecewise Models 

Regression models are used to predict outcomes based 

on independent variables and to examine relationships 

between variables for forecasting purposes. Regression 

is a predictive analysis technique that explores the 

relationship between one or more independent 

variables (X) and a dependent variable (Y). The 

fundamental objective is to fit a mathematical function 

that describes how the outcome changes as the 

predictors vary.11,13,14 In simple linear regression, the 

dependent variable Yi for observation i is predicted 

from an independent variable Xi and is expressed as:  

Yi = β0 + β1Xi + εi  

where β0 is the intercept, β1 is the slope, and εi  is the 

error term. 

The coefficient β1, also referred to as the slope or 

dY/dX, represents the rate of change in the outcome Y 

with respect to the predictor X.11,15 Thus, β1 indicates 

that for every one-unit increase in X, the expected 

value of Y changes by β1 units. 

Piecewise linear regression builds on the idea that the 

relationship between variables may change across 

different ranges of the predictor. Instead of fitting a 

single straight line to all observations, piecewise linear 

regression uses multiple linear segments joined at 

specific breakpoints (knots).3,15 These changes are 

modeled by fitting separate linear functions across 

different ranges of the predictor. Similar to simple 

linear regression, the model is typically estimated by 

minimizing the average difference between the 

predicted and observed values, usually through the 

least squares method.5,7,10 The piecewise model is 

commonly formulated using interaction terms or 

dummy variables to ensure continuity at the 

connecting points between segments.16 Once a knot is 

defined at breakpoint B, the model can be written as: 

Yi = β0 + β1Xi + β2(Xi−B)+ + εi 

where (Xi − B)+ = {
0,            Xi > B
Xi − B, Xi ≤ B

 

In this formulation, β0  = Intercept ; β1 = slope before 

the breakpoint; β1 + β2 = slope after the breakpoint.  

Thus, the slope changes once X exceeds the breakpoint 

B, while the function remains continuous. 

One Breakpoint Piecewise Regression 

To illustrate a one-knot model, the study examined the 

relationship between fasting glucose level (mg/dL) and 

BMI (kg/m²). As shown in Figure 3, a single simple 

linear regression line does not adequately capture the 

relationship across both non-obese and obese 

individuals. The association appears to shift around 

the conventional BMI cutoff of 25. To position the knot 

at BMI = 25, define: Xi = BMIi−25. This centers BMI 

at 25, such that: if BMI = 25 → Xi=0; if BMI <25 → Xi 

<0; if BMI >25 → Xi >0.  Next, define a truncated 

(hinge) term: (Xi)+ = max (0, BMIi−25). Thus: if BMI 

≤25 → (Xi)+ = 0; if BMI >25 → (Xi)+ = BMIi−25. The 

corresponding piecewise regression model can be 

written as: Glucosei = β0 + β1Xi + β2(Xi - 25)+ + εi. This 

specification allows the model to estimate different 

slopes before and after the cutoff at BMI =25, while 

maintaining continuity at the knot with one slope for 

individuals with BMI ≤25 and a different slope for 

individuals with BMI >25.  As a result, the piecewise 

regression model provides a more flexible and better-

fitting representation of the relationship between BMI 

and fasting glucose compared to a single straight line. 

 

Figure 3. One-knot model for relationship between fasting glucose and BMI. 
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Suppose the result is:  

Glucosei = 70 + 1.2BMIi + 2.5(BMIi−25)+ + εi 

where (BMIi − 25)+ =  {
0,                    BMIi ≤ 25
BMIi − 25, BMIi > 25

 

Interpretation: 

• Slope before BMI =25 (1.2) → For individuals with 

BMI ≤25, each 1-unit increase in BMI is associated 

with an average 1.2 mg/dL increase in glucose. 

• Slope after BMI =25 →  For BMI >25, each 1-unit 

increase in BMI is associated with an average 1.2 + 

2.5 = 3.7 mg/dL increase in glucose. 

Two-Breakpoints Piecewise Regression 

To illustrate a two-knot model, the study examined 

the relationship between cognitive score and age. The 

knots were predefined at ages 60 and 75, 

corresponding to three age groups: 40–60, 61–75, and 

76–90. Age was parameterized as Xi = Age−60, with 

truncated terms (Xi−B1)+ = max (0, Age−60) and 

(Xi−B2)+ = max (0, Age−75). Figure 4 illustrates the 

structure of the piecewise regression model for this 

scenario. 

 

Figure 4.  Two-knots model for relationship between cognitive score and age. 

 

Suppose the result is:  CognitiveScorei = 125−0.3 Agei 

−0.8 (Agei−60)+ −0.5 (Agei−75)+ + εi 

Interpretation:    

• Before age 60:  Slope = −0.3 → Cognitive score 

decreases by 0.3 points per year. 

• Between ages 61–75: Slope = −0.3−0.8 = −1.1 

→ Cognitive score decreases by 1.1 points per year. 

(Age 60 represents a change point where decline 

accelerates.) 

• After age 75: Slope = −0.3−0.8−0.5 = −1.6 → Cognitive 

score decreases by 1.6 points per year. (Age 75 

represents a second increase in the rate of decline.) 

Two-Breakpoints Piecewise Regression with 

Interaction between Groups 

Comparing means before and after an intervention is 

a common application of piecewise analysis. This  
 

basic shift model can be extended by incorporating a 

time trend to capture changes over time in each 

group. In a pre–post design, separate linear trends 

are estimated for the period before the intervention 

and for the period during or after it. The model can 

also compare trends between intervention and non-

intervention groups.6,17 In the example shown in 

Figure 5, the outcome is the number of vaccinated 

children in each city. As this is a count variable, it 

may not satisfy the normality assumption required 

for linear regression. In such cases, Poisson or 

binomial regression models are more appropriate, as 

they are specifically designed for modeling counts and 

proportions. It should be noted that piecewise 

regression is not limited to linear models. The same 

segmented structure can be applied to other types of 

regression models, including generalized linear 

models, multilevel models, and mixed-effects 

models.10,18 
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Figure 5. Two-knots model for comparing between groups over three periods. 
 

An example is a study comparing two groups 

(intervention vs. control), where the outcome was the 

number of vaccinated children measured across three 

periods: the pre-intervention period (months 1–5), the 

implementation period (months 6–9), and the post-

intervention period (months 10–12). To model changes 

across these phases, two knots were specified: Month 5 

(denoted as T2) and Month 9 (denoted as T3). These 

knots represent the transition points between study 

phases. The spline terms were defined as: T2 = max (0, 

Month−5) and T3 = max (0, Month−9). This specification 

allows the model to estimate: one time trend during 

months 1–5, a different trend during months 6–9, and 

another trend during months 10–12. 

Suppose the result is: Vaccination ratei = 50 + 2.0 Montht 

+ 8 Groupi + 3.5 T2t + 4.0 T3t + 2.5 (Groupi×T2t) + 

3.0 (Groupi×T3t) + εi 

Interpretation: 

• Intercept (50) → At Month 0 (baseline) in the 

control group, the expected number of vaccinated 

children is 50 children 

• Time trend before intervention (Months 1–5) 

Coefficient of Month = 2.0 → In the control group, 

vaccination increases by 2 children per month 

during the pre-intervention period. 

• Group effect (8) → At baseline, intervention cities 

have 8 more vaccinated children than control cities. 

• Change during implementation (Months 6–9) T2t = 

max (0, Month−5) → Control group slope increases 

by 3.5 additional children per month after Month 5.  

Intervention group gains an extra 2.5 children per 

month beyond the control group during this period. 

• Change after intervention (Months 10–12) T3t = 

max (0, Month−9) → Control group slope increases 

by 4 additional children per month after Month 9. 

Intervention group gains an extra 3 children per 

month beyond the control group in this final period. 

• Overall Meaning → Before Month 5: gradual 

increase in vaccination, Months 6–9: stronger 

upward trend; Months 10–12: further acceleration; 

Intervention cities show larger increases compared 

to control cities during and after implementation. 

Selecting and Confirming Knots 

Although piecewise regression is conceptually simple, 

identifying the optimal breakpoints remains 

challenging.5,15,19 The method balances two competing 

goals: minimizing error so that each segment fits the 

data closely, and using as few segments as possible to 

avoid overfitting.2,5,15 In practice, breakpoint locations 

are selected to minimize the overall squared error, 

providing good fit within segments without 

unnecessary complexity.2,3 Several recommendations 

exist for choosing knots in piecewise regression.20–22 

In health research, knots may be fixed a priori based 

on established thresholds, placed at quantiles to 

ensure sufficient observations per segment, or 

estimated directly using data-driven segmented 

regression algorithms. Ideally, knots should 

correspond to meaningful real-world cutoffs, such as 

age groups (<40, 40–65, ≥65 years), clinical 

thresholds (e.g., systolic blood pressure ≥140 mmHg), 

laboratory criteria (HbA1c ≥6.5% for diabetes 

diagnosis), program milestones (pre- vs. post-

treatment initiation), or time since diagnosis (0–6 

months vs. >6 months). 

Control group 

Intervention group 
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When determining the number of knots, there is no 

single “correct” choice; it is fundamentally a model 

selection problem. Several common strategies are 

suggested:2,20–22 

• Theory-driven selection (preferred when possible). 

Knots are chosen based on established clinical or 

biological knowledge. For example, placing two 

knots at eGFR 60 and 30 mL/min/1.73 m², 

corresponding to moderate and severe chronic 

kidney disease, allowing comparison of risk across 

stages of kidney impairment.  

• Visual inspection (exploratory): Scatterplots with 

smoothers (e.g., LOESS or splines) can help identify 

visible slope changes or plateaus. For instance, 

plotting blood pressure against age may reveal 

where risk begins to increase more sharply. This 

method is intuitive and useful for hypothesis 

generation. 

• Model comparison using information criteria 

(AIC/BIC). Multiple models with different numbers 

or placements of knots are fitted and compared 

using AIC or BIC, which balance model fit and 

complexity.  

• Cross-validation. Models with alternative knot 

structures are compared using out-of-sample 

prediction error, for example when predicting 

hospital readmission risk based on length of stay. 

• Rule-of-thumb constraints. The number of knots 

may be limited by sample size to ensure stable 

estimation (e.g., at least 20–30 observations per 

segment).  

Importantly, clinical relevance should take precedence 

over purely statistical optimization. Fewer knots 

enhance interpretability, and their placement should 

be clearly justified. Sensitivity analyses are essential 

to demonstrate robustness and confirm that the model 

predicts well without introducing unnecessary 

complexity.2,5,6 

Conclusion 

In summary, piecewise regression offers a practical 

and interpretable approach for modeling nonlinear 

trends by fitting distinct linear relationships across 

meaningful data segments. It is particularly useful 

when detecting or testing a changepoint is a primary 

objective and when theory or prior evidence supports 

structural shifts or threshold effects.4 The method is 

especially appropriate for longitudinal and intervention 

studies, where transition periods and slope changes 

are substantively important.23 However, piecewise 

models should not be used without clear evidence of 

structural change, adequate sample size, or strong 

justification for introducing breakpoints. Ultimately, 

when slopes shift, models must adapt—through 

carefully justified knots and well-defined segments 

that balance flexibility with interpretability. 
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