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H I G H L I G H T S

• The model features a dynamic feedback loop between user behavior and algorithmic ranking visibility.

• Boosting sharing-based engagement (e.g., likes or reshares) amplifies misinformation and ideological polarization.

• The amplification effect arises since ideologically extreme users disproportionately engage compared to moderates.

• Closed-form expressions for the equilibrium distributions of engagement, misinformation and polarization are derived.

• The model’s predictions are consistent with survey data from the US and Italy around Facebook’s 2018 MSI algorithmic update.
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A B S T R A C T

Social media are at the center of countless debates on polarization, misinformation, and even the state of democ­

racy in various parts of the world. An essential feature of social media is their recommendation algorithm that 

determines the ranking of content presented to the users. This paper investigates the dynamic feedback loop 

between recommendation algorithms and user behavior, and develops a theoretical framework to assess the 

impact of popularity-based parameters on platform engagement, misinformation, and polarization. The model 

uncovers a fundamental trade-off: assigning greater weight to online social interactions—such as likes and 

shares—increases user engagement but also increases misinformation (crowding-out the truth) and polarization. 

Building on this insight, the analysis considers how a simple “engagement tax” on social interactions can miti­

gate these negative externalities by altering platform incentives in the design of profit-maximizing algorithms. 

The framework is extended to include personalized rankings, demonstrating that personalization further am­

plifies polarization. Finally, empirical evidence from survey data in Italy and the United States indicates that 

Facebook’s 2018 “Meaningful Social Interactions” update—which increased the emphasis on certain engagement 

metrics—contributed to increased ideological extremism and affective polarization.
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\begin {align*}& \mathbb {E}[\widehat {\kappa }_{n,m}(k)] - \widehat {\kappa }_{n-1, m}\\ &= \frac {\beta ^{\frac {M- r_{n,m}}{M}}/(2[m])}{{\substack {\sum _{m' \in M}\\ \text {sgn}(y_{m'})= \text {sgn}(y_m)}} \beta ^{\frac {M- r_{n,m'}}{M}}/(2[m]) + {\substack {\sum _{m' \in M}\\ \text {sgn}(y_{m'}) \ne \text {sgn}(y_m)}} \beta ^{\frac {M- r_{n,m'}}{M}}/(2(M-[m])) } \\ &= \frac {\beta ^{\frac {M- r_{n,m}}{M}}}{{\substack {\sum _{m' \in M}\\ \text {sgn}(y_{m'})= \text {sgn}(y_m)}} \beta ^{\frac {M- r_{n,m'}}{M}} + \frac {[m]}{M-[m]}{\substack {\sum _{m' \in M}\\ \text {sgn}(y_{m'}) \ne \text {sgn}(y_m)}} \beta ^{\frac {M- r_{n,m'}}{M}}} \\ &\stackrel {(1)}{\approx }\frac {1+(\beta -1)\frac {M- r_{n,m}}{M}}{{\substack {\sum _{m' \in M}\\ \text {sgn}(y_{m'})= \text {sgn}(y_m)}} \left (1 + (\beta -1)\frac {M- r_{n,m'}}{M} \right ) + \frac {[m]}{M-[m]}{ \substack {\sum _{m' \in M}\\ \text {sgn}(y_{m'}) \ne \text {sgn}(y_m)}} \left ( 1 + (\beta -1)\frac {M- r_{n,m'}}{M} \right )} \,,\end {align*}


$0<\beta -1<1$


$\frac {M-m'}{M}<1$


$T$


$T$


$N_t=N$


$T$


$t$


$t$


\begin {equation*}\overline {\kappa }(y) = \lim _{T \rightarrow \infty } \frac {1}{T} \sum _{t=1}^{T} \lim _{N_t \rightarrow \infty } \frac {1}{N_t} \mathbb {E}_{N_t} \left [ \widehat {\kappa }_{N_t,m_t}(k) \, | \, \exists m_t \in M, y_{m_t} = y \right ]\end {equation*}


$m_t \in M$


$y_{m_t} = y$


$T$


$\mathbb {P}[\text {sgn}(y_{m'})= \text {sgn}(y_m)]=\mathbb {P}[\text {sgn}(y_{m'})= \text {sgn}(y_m)] = 1/2$


$[m_t] \approx M/2$


$\frac {[m_t]}{M-[m_t]} \approx 1$


$M$


$r_t(y)$


$\lim _{N_t \rightarrow \infty } \frac {1}{N_t} \sum _{n_t=1}^{N_t} r_{n_t,m_t}$


$r(y)=\mathbb {E}_t[r_t(y)]$


$CL$


$HL$


$CL$


$HL$


$y \in \mathbb {R}$


$\nu >0$


$y$


$[y, y+ \nu )$


$y$


$\nu $


$G(\cdot )$


$g(\cdot )$


$y$


\begin {equation*}(G(y+\nu )-G(y)){\left (1-(G(y+\nu )-G(y))\right )}^{M-1},\end {equation*}


\begin {equation*}\lim _{\nu \rightarrow 0} \frac {1}{\nu }(G(y+\nu )-G(y)){(1-(G(y+\nu )-G(y)))}^{M-1} = g(y).\end {equation*}


$\overline {\kappa }(y)$


\begin {equation}\label {ieq8} CL (y) \approx \overline {\kappa }(y) \cdot g(y) = \Lambda _{\beta }(\pi (y)) \cdot g(y),\end {equation}


$z \ge 0$


\begin {equation}\label {appeq:phi} \Lambda _{\beta }(z) = \frac {M + (\beta -1) (M - \zeta _0 + \zeta _1 \cdot z )}{M \left ( M + (\beta -1)(M-1)/2 \right )},\end {equation}


$\Lambda _{\beta }'(z)$


$\Lambda _{\beta }' (z) \equiv \Lambda _{\beta }' = \frac {\zeta _1 \cdot (\beta -1) }{M \left ( M + (\beta -1)(M-1)/2 \right )} > 0$


$\beta >1, \zeta _1 > 0$


\begin {equation}\label {ieq9} HL(y) = \mu _H(y) \cdot CL(y),\end {equation}


$\theta =\widehat {\theta }=0$


$\beta >1$


$T$


$\beta $


$\Lambda _{\beta }$


$\Lambda $


$ENG$


$POL$


$MIS$


\begin {eqnarray*}ENG &=& \int \left ( CL(y) + HL(y) \right ) dy = \int \left (1 + \mu _H(y) \right ) CL(y) dy\\ &=& \int \left (1 + \mu _H(y) \right ) \Lambda (\pi (y)) f(y) dy \\ MIS &=& \int \left | y - 0 \right | CL(y) dy = \int \left | y \right | \Lambda (\pi (y)) f(y) dy \\ POL &=& \int \left | y CL^R(y) - y CL^L (y) \right | dy = \int \left | y \Lambda ^R(\pi (y)) - y \Lambda ^L(\pi (y)) \right | f(y) dy,\end {eqnarray*}


$g \in \{L, R \}$


$CL^g$


$g$


$g$


$g(y)$


$f(y;\sigma _y^2)$


$g(y)$


\begin {equation*}CL^g(y) = \Lambda ^g(\pi (y)) g(y),\end {equation*}


$\Lambda ^g (\pi (y))$


$y_m=y$


$g$


$m \in M_{+}$


$m \in M_{-}$


$\pi (y)$


$\eta $


\begin {eqnarray*}\frac {\partial ENG}{\partial \eta } &=& \frac {\partial }{\partial \eta } \int \left (1 + \mu _H(y) \right ) \Lambda (\pi (y)) g(y) dy \\ &=& \int \frac {\partial (1 + \mu _H(y))}{\partial \eta } \Lambda (\pi (y)) g(y) dy + \int \left (1 + \mu _H(y) \right ) \frac {\partial \Lambda (\pi (y))}{\partial \eta } g(y) dy \\ &\stackrel {(1)}{=}& \int \left (1 + \mu _H(y) \right )\Lambda ' \frac {\partial \pi (y)}{\partial \eta } g(y) dy \\ &\stackrel {(2)}{=}& \int \left (1 + \mu _H(y) \right )\Lambda ' \frac {(M-1)(\mu _H(y)-\bar {\mu }_H)}{{\left (M(1+ \eta \bar {\mu }_H) + \eta ( \mu _H(y) - \bar {\mu }_H ) \right )}^2}g(y)dy \\ &\stackrel {(3)}{>}& 0,\end {eqnarray*}


$\frac {\partial \mu _H(y)}{\partial \eta }=0$


$\frac {\partial g(y)}{\partial \eta } =0$


$\Lambda '(\pi (y)) = \Lambda ' > 0$


$\mu _H(y) \ge 0$


$y$


\begin {align*}&\int (1+ \mu _H(y))(\mu _H(y)-\bar {\mu }_H) g(y)dy \\ &= \int (1+ \mu _H(y))((1+\mu _H(y))-(1+\bar {\mu }_H)) g(y)dy \\ &= \int {(1+ \mu _H(y))}^2 - (1+\mu _H(y))(1+\bar {\mu }_H)) g(y)dy \\ &= \int {(1+ \mu _H(y))}^2 g(y)dy - \int (1+\mu _H(y))(1+\bar {\mu }_H)) g(y)dy \\ &\stackrel {(1)}{=} \int {(1+ \mu _H(y))}^2 g(y)dy - {(1+\bar {\mu }_H)}^2 = \mathbb {E}\left [{(1+\mu _H(y))}^2\right ] - \mathbb {E}{[1+\mu _H(y)]}^2 \\ &\stackrel {(2)}{>} 0 ,\end {align*}


$\mathbb {E}[1+ \mu _H(y)]=1+\bar {\mu }_H$


$z^2$


$z$


$\mu _H(y) > \bar {\mu }_H$


$y$


$\mu _H(y)$


$\int \frac {(1 + \mu _H(y))(\mu _H(y)-\bar {\mu }_H)}{{\left (M(1+\bar {\mu }_H) + \eta ( \mu _H(y) - \bar {\mu }_H ) \right )}^2} g(y)dy > 0$


$\frac {\partial ENG}{\partial \eta } >0$


\begin {eqnarray*}\frac {\partial MIS}{\partial \eta } &=& \frac {\partial }{\partial \eta } \int |y| \Lambda (\pi (y)) g(y) dy = \int |y| \frac {\partial \Lambda (\pi (y))}{\partial \eta } g(y) dy \\ &=& \int |y| \Lambda ' \frac {(M-1)(\mu _H(y)-\bar {\mu }_H)}{{\left (M(1+ \eta \bar {\mu }_H) + \eta ( \mu _H(y) - \bar {\mu }_H ) \right )}^2} g(y)dy \\ &\stackrel {(1)}{>}& 0,\end {eqnarray*}


$\Lambda ' > 0$


$\mu _H(y) \ge 0$


$|y| \mu _H(y) > |y| \bar {\mu }_H$


$y$


$\sigma _y^2 \le \sigma _x^2$


$\int |y| (\mu _H(y)-\bar {\mu }_H) g(y)dy > 0$


$\lambda = 1$


$\mathbb {R}_{-}$


$\Lambda ^L(\pi (y)) > \Lambda ^R(\pi (y))$


$\mathbb {R}_{+}$


$\Lambda ^R(\pi (y)) > \Lambda ^L(\pi (y))$


$\Lambda ^R, \Lambda ^L$


$y$


$\mathbb {R}_{+}$


${\Lambda ^R}' (y) \equiv {\Lambda _+^R}'$


${\Lambda ^L}' (y) \equiv {\Lambda _+^L}'$


${\Lambda ^R_+}' > {\Lambda ^L_+}'$


$ENG$


${\Lambda ^R_+}' > {\Lambda ^L_+}'$


$\mathbb {R}_+$


$\int _{y > 0} (1 + \eta \mu _H(y))(\mu _H(y)-\bar {\mu }_H) g(y)dy > 0$


$M(1+\bar {\mu }_H) + \eta ( \mu _H(y) - \bar {\mu }_H ) = M+\eta \mu _{H}(y) +(M-1)\eta \bar {\mu }_H >0$


$\theta =\widehat {\theta }=0$


$\beta > 1$


$\Lambda $


$\Lambda _{\beta }$


$\beta $


\begin {equation}\label {appeq:exprankpers} r^g(y) \approx \zeta _0 - \zeta _1 \cdot \frac {\pi _g^g(y_m) + (1-\lambda ) \pi _g^{\neg g}(y_m)}{2-\lambda }, \, \, g \in \{L, R \},\end {equation}


$\zeta _0, \zeta _1 >0$


$\neg g$


$\{L, R \}$


$g$


$\pi _g^g(y)$


$\pi _g^{\neg g}(y)$


$g$


$\neg g$


$g$


\begin {align*}&\pi _g^g(y)\\ &\!=\! \frac {1+ \eta \cdot \mu _H^g(y)}{M( 1+ \eta \cdot \bar {\mu }_H^g)\!+\! \eta (\mu _H^g(y)- \bar {\mu }_H^g ) \!+\! (1-\lambda ) \left ( M( 1+ \eta \cdot \bar {\mu }_H^{\neg g})\!+\! \eta (\mu _H^{\neg g}(y)- \bar {\mu }_H^{\neg g} ) \right )}\end {align*}


\begin {align*}&\pi _g^{\neg g}(y) \\ &\!=\! \frac {1+ \eta \cdot \mu _H^{\neg g}(y)}{M( 1+ \eta \cdot \bar {\mu }_H^g)\!+\! \eta (\mu _H^g(y)- \bar {\mu }_H^g ) \!+\! (1-\lambda ) \left ( M( 1+ \eta \cdot \bar {\mu }_H^{\neg g})\!+\! \eta (\mu _H^{\neg g}(y)- \bar {\mu }_H^{\neg g} ) \right )},\end {align*}


$\mu _H^g(y)$


$g$


\begin {equation*}\mu _H^g(y) = \int _{x \in H^{-1}(y)} \mathbb {I}_{\{{x \in g}\}} p_A(x) f(x) dx.\end {equation*}


\begin {eqnarray*}ENG &=& \sum _{g = L, R} \int \left ( CL^g(y) + HL^g(y) \right ) dy = \sum _{g = L, R} \int \left (1 + \mu _H^g (y) \right ) CL^g(y) dy \\ &=& \sum _{g = L, R} \int \left (1 + \mu _H^g(y) \right ) \Lambda ^g \left ( \frac { \pi _g^g(y)+ (1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right ) g(y) dy, \\\end {eqnarray*}


$\Lambda ^g \left ( \frac { \pi _g^g(y)+(1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right )$


$g$


\begin {equation}\label {ieq10} \Lambda ^g \left ( \frac { \pi _g^g(y)+ (1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right ) = \frac {M + \log {\beta } \cdot \left (M - \zeta _0 + \zeta _1 \frac { \pi _g^g(y)+ (1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right ) }{M + \log {\beta } \cdot \sum _{m' \in M} (M-m')}.\end {equation}


\begin {eqnarray*}\frac {\partial ENG}{\partial \lambda } &=& \sum _{g = L, R} \frac {\partial }{\partial \lambda } \int \left (1 + \mu _H^g(y) \right )\Lambda ^g \left ( \frac { \pi _g^g(y)+ (1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right ) g(y) dy \\ &=& \sum _{g = L, R} \int \left (1 + \mu _H^g(y) \right ) \frac {\partial \Lambda ^g \left ( \frac { \pi _g^g(y)+(1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right )}{\partial \lambda } g(y) dy \\ &=& \sum _{g = L, R} \left ( \int _{y \le 0} \left (1 + \mu _H^g(y) \right ) {\Lambda _{-}^{g}}' \frac {\partial \left ( \frac { \pi _g^g(y)+ (1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right )}{\partial \lambda } g(y) dy \right . \\ && + \left . \int _{y > 0} \left (1 + \mu _H^g(y) \right ) {\Lambda _{+}^{g}}' \frac {\partial \left ( \frac { \pi _g^g(y)+ (1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right )}{\partial \lambda } g(y) dy \right ) \\ &=& 2 \sum _{g = L, R} \int _{y > 0} \left (1 + \mu _H^g(y) \right ) {\Lambda _{+}^{g}}' \frac {\partial \left ( \frac { \pi _g^g(y)+ (1-\lambda ) \pi _g^{\neg g}(y) }{2-\lambda } \right )}{\partial \lambda } g(y) dy \\ &=& 2 \sum _{g = L, R} \int _{y > 0} \frac {\left (1 + \mu _H^g(y) \right ){\Lambda _{+}^{g}}'}{2-\lambda } \\&&\left ( \frac {\partial \pi _g^g(y)}{\partial \lambda } + (1-\lambda ) \frac {\partial \pi _g^{\neg g} (y) }{\partial \lambda } + \frac {\pi _g^g(y) - \pi _g^{\neg g}(y)}{2-\lambda } \right ) g(y) dy.\end {eqnarray*}


\begin {align*}&\frac {\partial \pi _g^g(y)}{\partial \lambda } =\\ & \frac {( 1+ \eta \cdot \mu _H^{g}(y) ) \left ( M( 1+ \eta \cdot \bar {\mu }_H^{\neg g})+ \eta (\mu _H^{\neg g}(y)- \bar {\mu }_H^{\neg g} ) \right ) }{{\left ( M( 1+ \eta \cdot \bar {\mu }_H^g)+ \eta (\mu _H^g(y)- \bar {\mu }_H^g ) + (1-\lambda ) \left ( M( 1+ \eta \cdot \bar {\mu }_H^{\neg g})+ \eta (\mu _H^{\neg g}(y)- \bar {\mu }_H^{\neg g} ) \right ) \right )}^2} > 0,\end {align*}


\begin {align*}&\frac {\partial \pi _g^{\neg g}(y)}{\partial \lambda } =\\ & \frac {( 1+ \eta \cdot \mu _H^{\neg g}(y) ) \left ( M( 1+ \eta \cdot \bar {\mu }_H^{\neg g})+ \eta (\mu _H^{\neg g}(y)- \bar {\mu }_H^{\neg g} ) \right ) }{{\left ( M( 1+ \eta \cdot \bar {\mu }_H^g)+ \eta (\mu _H^g(y)- \bar {\mu }_H^g ) + (1-\lambda ) \left ( M( 1+ \eta \cdot \bar {\mu }_H^{\neg g})+ \eta (\mu _H^{\neg g}(y)- \bar {\mu }_H^{\neg g} ) \right ) \right )}^2} > 0,\end {align*}


\begin {equation*}\sum _{g = L, R} \int _{y > 0} \frac {\left (1 + \mu _H^g(y) \right ){\Lambda _{+}^{g}}'}{2-\lambda } \left ( \frac {\partial \pi _g^g(y)}{\partial \lambda } + (1-\lambda ) \frac {\partial \pi _g^{\neg g} (y)}{\partial \lambda } \right ) g(y) dy > 0,\end {equation*}


${\Lambda _{+}^{g}}' >0$


$\lambda , \mu _{H}^{g}(y) \ge 0$


$g \in \{L, R \}$


$\pi _g^{g}$


$\pi _g^{\neg g}$


\begin {equation*}\int _{y > 0} \frac {\left (1 + \mu _H^R(y) \right ){\Lambda _{+}^{R}}'}{2-\lambda } \frac {\left (\pi _R^{R}(y)-\pi _R^{L}(y)\right )}{2-\lambda } g(y) dy > 0\end {equation*}


$\pi _R^{R}(y) > \pi _R^{L}(y)$


$\mathbb {R}_{+}$


$\pi _R^{R}(y) + \pi _L^{L}(y) > \pi _R^{L}(y) + \pi _L^{R}(y)$


$\mathbb {R}_{+}$


$\mu _{H}^{R}(y) \ge \mu _{H}^{L}(y)$


${\Lambda _{+}^{R}}' > {\Lambda _{+}^{L}}' >0$


$\mathbb {R}_{+}$


\begin {align*}&\int _{y > 0} \left ( \left (1+ \mu _H^R(y) \right ){\Lambda _{+}^{R}}' (\pi _R^{R}(y)-\pi _R^{L}(y))\right .\\ &+\left .\left (1+ \mu _H^L(y) \right ){\Lambda _{+}^{L}}' (\pi _L^{L}(y)-\pi _L^{R}(y)) \right ) g(y) dy \, \, > 0,\end {align*}


\begin {equation*}\sum _{g = L, R} \int _{y > 0} \frac {\left (1+ \mu _H^g(y) \right ){\Lambda _{+}^{g}}'}{2-\lambda } \frac {(\pi _g^{g}(y)-\pi _g^{\neg g}(y))}{2-\lambda } g(y) dy > 0.\end {equation*}


$\frac {\partial ENG}{\partial \lambda } > 0$


$\lambda $


\begin {eqnarray*}POL &=& \left | \int y \cdot CL^R(y) dy - \int y \cdot CL^L(y) dy \right |,\end {eqnarray*}


\begin {eqnarray*}\frac {\partial POL}{\partial \lambda } &=& \frac {\partial }{\partial \lambda } \left ( 2 \int _{y >0} y \left ( \Lambda ^R \left ( \frac { \pi _R^R(y)+ (1-\lambda ) \pi _R^{L}(y) }{2-\lambda } \right )\right .\right .\\ &&\quad - \left .\left . \Lambda ^L \left ( \frac { \pi _L^L(y)+ (1-\lambda ) \pi _L^{R}(y) }{2-\lambda } \right ) \right ) g(y) dy \right ) \\ &=& 2 \int _{y >0} y \cdot {\Lambda ^R_+}' \left ( \frac {\partial \pi _R^R(y)}{\partial \lambda } + (1-\lambda ) \frac {\partial \pi _R^{L} (y) }{\partial \lambda } + \frac {\pi _R^R(y) - \pi _R^{L}(y)}{2-\lambda } \right ) g(y) dy \\ &&\quad - 2 \int _{y >0} y \cdot {\Lambda ^L_+}' \left ( \frac {\partial \pi _L^L(y)}{\partial \lambda } + (1-\lambda ) \frac {\partial \pi _L^{R} (y) }{\partial \lambda } + \frac {\pi _L^L(y) - \pi _L^{R}(y)}{2-\lambda } \right ) g(y) dy.\end {eqnarray*}


$\frac {\partial POL}{\partial \lambda } > 0$


$\Box $


\begin {equation*}W_{\psi }(\eta , \lambda ) = \psi \cdot ENG ( \eta , \lambda ) - (1-\psi ) \cdot MIS( \eta , \lambda ) \cdot POL( \eta , \lambda ).\end {equation*}


$\psi =0$


$W_0 = MIS \cdot POL$


$\psi = 1$


$W_1 = ENG$


$W_0$


$\eta $


$- MIS \cdot POL$


$MIS \cdot POL$


$\frac {\partial MIS}{\partial \eta } >0, \frac {\partial POL}{\partial \eta }>0$


$W_0$


$\lambda $


$\frac {POL}{\partial \lambda } > 0$


$\frac {MIS}{\partial \lambda } \approx 0$


$\psi = 1$


$\eta $


$\theta = 0$


$W_0$


$\eta $


$\lambda $


$\psi = 1$


$W_1$


$\eta $


$\lambda $


$p_A$


$\eta $


$\eta =0$


$\eta =100$


$\eta =0$


$\eta =100$


$1.8$


$0.5$


$1.3$


$0.3$


$2.4$


$0.6$


$1.7$


$0.3$


$\widehat {\theta }_n$


$\widehat {\theta }_n$


$\theta $


$\widehat {\theta }_n \sim N(\theta , \sigma ^2_{\hat {\theta }})$


$\sigma _{\widehat {\theta }} \le \min \{\frac {\sigma _{x}}{4}, \frac {\sigma _{y}}{4} \}$


$\widehat {\theta }_n = \widehat {\theta }$


$n$


$\eta $


$ENG, POL, MIS$


$\eta $


$\widehat {\theta }$


$\widehat {\theta }_n$


$95\%$


$\widehat {\theta }$


$\widehat {\theta } \approx \theta $


$\widehat {\theta }$


$\widehat {\theta }$


$\theta $


$\eta $


$\widehat {\theta } \ne \theta $


$x^*\approx \theta $


$\eta $


$x^* \approx \theta $


$MIS$


$\widehat {\theta }$


$\theta =6$


$\widehat {\theta } = 0$


$x^*$


$x_n$


$i$


\begin {equation}\label {ieq11} WAP=\sqrt {\sum _{p=1}^P v_p*\mid symp_{ip}-\overline {symp_{i}}\mid } \,,\end {equation}


$v_p$


$p$


$symp_{ip}$


$i$


$p$


$\overline {symp_{i}}$


$i$


\begin {equation}\label {ieq12} \overline {symp_{i}}=\sum _{p=1}^P v_p* symp_{ip} \,.\end {equation}


$\times $


$<$


$<$


$<$


$<$


$\times $


$<$


$<$


$<$


$<$


\begin {equation}\label {ieq1} \varphi _{n,m} (k) = \left \{\!\! \begin {array} [c]{cl} \gamma _k / [m] & \text {if } \text {sgn}(x_n) = \text {sgn}(y_m)\\ (1-\gamma _k)/[m] & \text {if } \text {sgn}(x_n) \ne \text {sgn}(y_m), \end {array} \right .\end {equation}


\begin {equation}\label {ieq5} \Pi (\eta ; \tau ) = ENG(\eta ) - \tau \cdot H(\eta ),\end {equation}


\begin {align*}&\overline {\kappa }(y)= \mathbb {E}_t \left [ \lim _{N_t \to \infty } \frac {1}{N_t}\sum _{n_t=1}^{N_t}\vphantom {\frac {M+(\beta -1)(M- r_{n_t,m_t})}{{\substack {\sum _{m_t' \in M}\\ \text {sgn}(y_{m_t'})=\text {sgn}(y_{m_t})}}\!\left (\!M + (\beta -1)(M- r_{n_t,m_t'}) \!\right )\!+ \!\frac {[m_t]}{M-[m_t]} {\substack {\sum _{m_t' \in M}\\ \text {sgn}(y_{m_t'}) \ne \text {sgn}(y_{m_t})}}\!\left (\!M+ (\beta -1)(M- r_{n_t,m_t'}) \!\right ) }}\right .\\[4pt] &\left .\!\frac {M+(\beta -1)(M- r_{n_t,m_t})}{{\substack {\sum _{m_t' \in M}\\ \text {sgn}(y_{m_t'})=\text {sgn}(y_{m_t})}} \!\left (\!M + (\beta -1)(M- r_{n_t,m_t'}) \!\right )\! + \!\frac {[m_t]}{M-[m_t]} {\substack {\sum _{m_t' \in M}\\ \text {sgn}(y_{m_t'}) \ne \text {sgn}(y_{m_t})}}\!\left (\!M+ (\beta -1)(M- r_{n_t,m_t'}) \!\right )}\!\right ]\\[4pt] &\stackrel {(1)}{\approx } \mathbb {E}_t \left [\lim _{N_t \to \infty } \frac {1}{N_t}\sum _{n_t=1}^{N_t} \frac {M+(\beta -1)(M- r_{n_t,m_t})}{\sum _{m_t' \in M} \left (M + (\beta -1)(M- r_{n_t,m_t'}) \right )} \right ]\\[4pt] &= \mathbb {E}_t \left [\lim _{N_t \to \infty } \frac {1}{N_t}\sum _{n_t=1}^{N_t} \frac {M+(\beta -1)(M- r_{n_t,m_t})}{\sum _{\ell = 1}^M \left (M + (\beta -1)(M- \ell ) \right )} \right ]\displaybreak {}\\[4pt] &\stackrel {(2)}{=} \frac {\mathbb {E}_t \bigl [ M+(\beta -1)(M- \lim _{N_t \to \infty } \frac {1}{N_t}\sum _{n_t=1}^{N_t} r_{n_t,m_t}) \bigr ]}{M^2 + (\beta -1) M(M-1)/2} \\[4pt] &\stackrel {(3)}{=}\frac {M + (\beta -1) (M- \mathbb {E}_t[r_t(y)])}{M^2 + (\beta -1) M(M-1)/2}\stackrel {(4)}{\approx }\frac {M + (\beta -1)(M-\zeta _0 + \zeta _1 \cdot \pi (y))}{M^2 + (\beta -1) M(M-1)/2}.\end {align*}


\begin {equation*}\pi (y) = \lim _{t\rightarrow \infty } \frac {1}{T} \sum _{t=1}^{T} \frac {NOM_t}{DENOM_t} = \frac {1 + \eta \cdot \mu _H(y) }{M (1 + \eta \cdot \bar {\mu }_H) + \eta \cdot ( \mu _H(y) - \bar {\mu }_H )}\end {equation*}
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“Many of the familiar pathologies of social media are, in my 

view, relatively direct consequences of engagement optimization” 

(Understanding Social Media Recommendation Algorithms, Narayanan, 

2023, p. 35).

1 . Introduction

Digital platforms play an increasingly central role in the consumption 

of political news (Aridor et al., 2024). A defining feature of these plat­

forms is the use of recommendation algorithms that rank content based 

on measures of user engagement—most commonly clicks, likes, shares, 

or retweets. Put simply, these algorithms decide what information to 

show to users and, importantly, also in what order to show it. While 

such algorithms are effective at boosting traffic and user activity, there 

is growing public concern (Hagey, 2021; Amnesty International, 2022;

EU DisinfoLab, 2022; UNESCO, 2023; United Nations, 2023)—and re­

lated empirical evidence (Levy, 2021; Braghieri et al., 2025)—that they 

may also distort the information environment, contributing to the spread 

of misinformation and the amplification of political polarization.1

This paper develops a formal model of a digital platform to study 

how algorithmic ranking, based on popularity measures derived from 

user behavior, shapes individual information acquisition and aggregate 

outcomes. In our framework, individuals seek information about a con­

tinuous, unknown state of the world (e.g., the net benefit of a vaccine, 

the credibility of a political candidate, or the severity of climate change). 

They choose among news items presented by a platform, each of which 

contains a signal about the state. The platform displays (i.e., ranks) these 

items based on their popularity, defined as a weighted average of clicks 

and highlights, where a highlight may correspond to a user “liking”, 

sharing, or otherwise endorsing a piece of content. A central parame­

ter in the model, denoted 𝜂, governs the weight the platform assigns to 

highlights relative to clicks.

The model incorporates three key behavioral elements. First, in­

dividuals are more likely to click on content whose perceived stance 

aligns with their prior beliefs (Gentzkow and Shapiro, 2010; Yom-Tov 

et al., 2013; White and Horvitz, 2015; Flaxman et al., 2016; Braghieri 

et al., 2025). Second, users highlight items only when the content is 

sufficiently close to their prior, with a higher propensity to highlight 

when their beliefs are more extreme. This microfoundation captures 

robust empirical regularities about online behavior and political shar­

ing (An et al., 2014; Bakshy et al., 2015; Grinberg et al., 2019; Pew, 

2019; Pogorelskiy and Shum, 2019; Garz et al., 2020; Hopp et al., 2020;

Konovalova et al., 2023; Braghieri et al., 2025; Fraxanet et al., 2025). 

Third, individuals are more likely to click on content that appears higher 

in the ranking (Pan et al., 2007; Novarese and Wilson, 2013; Glick et al., 

2014; Epstein and Robertson, 2015), creating an important external­

ity and feedback element between user engagement and future content 

visibility.

We show that the dynamic feedback between the recommendation 

algorithm and individual behavior gives rise to a fundamental trade-off 

in the platform’s design problem. When the platform places no weight on 

highlights (𝜂 = 0), the distribution of clicked content reflects the distri­

bution of private signals across users—unimodal and centered around 

the true state of the world. As the platform increases the weight on 

highlights (raises 𝜂), the algorithm increasingly promotes content that 

users are more likely to endorse. Since individuals with more extreme 

beliefs are disproportionately likely to highlight content aligned with 

their priors, this mechanism amplifies the visibility of ideologically ex­

treme items. As a result, the distribution of content that users see and 

1 For evidence on the overall impact of social media on polarization and mis­

information see also Bursztyn et al. (2019); Di Tella et al. (2021); Müller and 

Schwarz (2021, 2023); Fujiwara et al. (2024).

click on becomes more bimodal and polarized. In turn, this translates 

into higher overall platform engagement, as the higher visibility of more 

polarized content increases the probability of individuals with more ex­

treme beliefs reading something they are willing to highlight. Crucially, 

this amplification of the extremes reduces the average informational 

quality of consumed content, measured by the proximity of signals to 

the true state. We refer to this mechanism as crowding out the truth.

Our results suggest that ranking algorithms may contribute to gen­

erating the “missing middle” (Bartels, 2016) and affective polarization 

(Iyengar et al., 2019) in the political realm. We also point out the pres­

ence of a related insight. Besides increasing actual polarization, a boost 

in the highlighting weight may also increase perceived polarization, since 

it makes it more likely that an individual will see more extreme content–

both like-minded and not like-minded–in higher-ranked positions. This 

is in line with Bail (2021), who argues that social media act as a “prism” 

that conveys a distorted image of others and ends up muting moderates, 

while fueling actual and perceived polarization (see also Yang et al., 

2016).

To sharpen the comparative statics analysis, we formally charac­

terize limiting clicking and highlighting behavior as a function of the 

platform’s ranking weights and derive closed-form expressions for key 

outcome measures: engagement, misinformation, and polarization. We 

also define an index that reflects both the platform’s interest in maximiz­

ing engagement and the societal interest in minimizing informational 

distortions. Our results reveal that the platform-optimal highlighting 

weight (𝜂) is generally high and detrimental in terms of misinforma­

tion and polarization. That is, the very same ranking parameters that 

increase user activity also degrade the informativeness and balance of 

the content consumed. We then discuss a simple policy instrument—a 

per-unit tax on highlights (“engagement tax”)—and show that it can mit­

igate these negative externalities by altering platform incentives in the 

design of profit-maximizing algorithms. The tax enters the platform’s 

objective as a marginal cost on highlighted content. This reduces the 

platform’s optimal weight on highlights, thereby shifting the algorithm 

toward rankings that perform better in terms of misinformation and po­

larization. The result parallels standard Pigouvian logic: a tax can correct 

a misalignment between private and social marginal benefits without 

relying on heavy policy regulations (e.g., banning highlights, man­

dating algorithmic structure or directly measuring the misinformation 

contained in social media platforms). We also discuss implementation 

strategies, such as differentiating taxes by content domain (e.g., politics 

vs. entertainment). It is important to note that the trade-off between 

the platform’s engagement-maximizing objective and societal welfare, 

in terms of minimizing misinformation and polarization, does not arise 

from individuals’ preferences for like-minded news per se. When 𝜂 is 
equal to zero, the highlighting choice of each individual has no exter­

nal effect on other individuals. Put differently, in the absence of such 

externalities, there is no welfare trade-off: users consume and (possibly 

enjoy) like-minded content without affecting others. The welfare conflict 

arises when the algorithm rewards highlights (𝜂 > 0), thereby amplifying 

the voices of highly engaged users and indirectly shaping the informa­

tion environment faced by the rest of the user population. Accordingly, 

the engagement tax corrects a social externality rather than a private 

consumption choice.

We extend the model to incorporate personalized rankings, where 

the content shown to an individual is shaped more heavily by the behav­

ior of like-minded users. We show that personalization further increases 

polarization by reducing cross-cutting exposure and reinforcing echo 

chambers. Unlike the highlighting weight, however, personalization has 

no effect on misinformation, yet continues to raise engagement.

To assess the empirical relevance of the model’s mechanisms, we 

examine Facebook’s “Meaningful Social Interactions” (MSI) update, im­

plemented in early 2018. This marked a major algorithmic shift in the 
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platform’s ranking logic—from passive engagement signals such as clicks 

to more active forms of engagement like shares and reactions. As Adam 

Mosseri, then Vice President of Facebook’s News Feed, explained: “Some 

news content that is shared and talked about a lot will receive some sort 

of tailwind from this. And news content that is more directly consumed 

by users—that they don’t actually talk about or share—will actually re­

ceive less distribution as a result” (Vogelstein, 2018). Internal Facebook 

documents disclosed in 2021 (“Facebook Papers”) further reveal that 

ranking was explicitly optimized for MSI, with “downstream MSI” (e.g., 

reshares and reactions) providing additional boosts in the platform’s 

scoring algorithm (The Facebook Papers, 2021). In essence, the algo­

rithmic change significantly increased the platform’s emphasis on users’ 

engagement metrics related to shares and reactions (rather than passive 

engagements such as clicks) in determining content rankings, effectively 

raising 𝜂 in our framework.2 Using representative survey data from Italy 

and the United States and estimating a Differences-in-Differences empir­

ical model, we document that, after the MSI update, individuals relying 

on the internet (and in particular Facebook) for political information 

became significantly more likely to report extreme ideological positions 

and exhibited greater affective polarization relative to non-users. These 

findings are consistent with the model’s prediction that increasing 𝜂
amplifies political extremism and inter-group hostility.3

Taken together, our findings underscore the potentially divergent 

objectives of platforms and society. While engagement-based ranking 

systems can successfully capture attention, they may do so at the cost 

of truth and social cohesion. Our model provides a tractable framework 

to analyze these tradeoffs and to inform the ongoing debate about the 

regulation and design of algorithmic information environments.

1.1 . Related literature

To the best of our knowledge, this is the first paper providing a 

theoretical framework—and related empirical evidence—to assess how 

the dynamic feedback between recommendation algorithms and indi­

viduals’ behavior may affect platform engagement, misinformation and 

polarization. The model generalizes and extends Germano et al. (2019);

Germano and Sobbrio (2020) to the context of a social media platform, 

giving individuals the option to highlight content, thereby further affect­

ing the ranking, besides allowing for a broader set of individual clicking 

behaviors and also a larger signal space. Moreover, we model individ­

uals as positioned on a one-dimensional line (e.g., representing left to 

right) and abstract from modeling a fully-fledged user network. In this 

sense, our model is complementary to that of Acemoglu et al. (2024) who 

study endogenous social networks and fact-checking.4 Acemoglu et al. 

(2024) show that platforms have an incentive to increase personalization 

(in the sense of preferring a more homophilic sharing network) as this 

2 The MSI update also increased the extent of personalization of rankings. As 

discussed in Section 5.2, our theoretical framework suggests that an increase 

in personalized rankings further contributes to political polarization. For addi­

tional details on the MSI algorithmic update see also Hagey (2021); Hagey and 

Horwitz (2021); Horwitz (2023) as well as https://www.documentcloud.org/

documents/21093256/pages/1/?embed=1.
3 It is worth noting that there is a growing body of literature documenting the 

spillover effects of social media on legacy media (see Hatte et al., 2021; Cagé 

et al., 2022). In the presence of spillover effects of the MSI update on the control 

group, our results should be interpreted as a lower bound for the actual effect 

of the MSI update on polarization.
4 See also Hsu et al. (2025) who study misinformation spread as a dynamic 

game on an exogenous social network. Törnberg et al. (2023) study simulations 

of an agent-based model in conjunction with a large language model to evaluate 

the effect of three different types of ranking algorithms on polarization and toxi­

city of speech; Chavalarias et al. (2023) study calibrated simulations of different 

recommendation algorithms optimized for engagement on individuals posting 

and sharing content on an endogenous network.

increases platform engagement. In their setting, this is detrimental in 

terms of social welfare as it increases the level of misinformation. In a 

related setting, Acemoglu et al. (2025) further study the impact of so­

cial media on polarization. While Acemoglu et al. (2024, 2025) model 

the platform as designing the sharing network of users, we study a plat­

form that decides on the popularity weights of the ranking algorithm. 

Importantly, by explicitly modeling the endogenous dynamic ranking 

that emerges from the platform’s algorithm, we are able to provide 

insights into the incentives—and possible perverse effects on misinfor­

mation and polarization—of such platforms to boost the relative weight 

given to the highlighting of content in their ranking algorithm.5 Our 

framework also connects to broader questions about platform design, 

incentives, and the societal consequences of attention-maximizing algo­

rithms (e.g., Allcott et al., 2022; Matias and Wright, 2022; Matias, 2023;

Narayanan, 2023).

Besides the direct empirical evidence provided in the paper, the pre­

dictions of our model are also consistent with those of several recent 

papers studying social media. In particular, our theoretical framework 

emphasizing the role of ranking algorithms (designed to maximize en­

gagement) on polarization speaks directly to Braghieri et al. (2025), 

who show that the exposure to Facebook’s feed—by itself—accounts for 

82% of the degree of polarization in news consumption on the platform. 

Drawing from a dataset of around 208 million US-based adult active 

Facebook users, González-Bailón et al. (2023) shows that ideological 

segregation is amplified by Facebook’s ranking algorithm. The empir­

ical predictions of our paper also relate to Guess et al. (2023a), who 

present a unique randomized experiment looking at the impact of algo­

rithmic vs. chronological feed exposure on Facebook. The study shows 

that the algorithmic feed leads to large changes in online behavior, such 

as more platform engagement (both in terms of time spent on the plat­

form and likes), more exposure to like-minded sources, and less exposure 

to moderate/mixed sources. In a parallel randomized experiment, Guess 

et al. (2023b) look at the impact of reshares on Facebook. The analysis 

documents that shutting down reshares leads to less platform engage­

ment (less time spent on Facebook and fewer clicks), more exposure to 

moderate news sources, and fewer partisan news clicks. The findings of 

Guess et al. (2023a,b) document a clear trade-off between platform en­

gagement and exposure to moderate sources, which is very much in line 

with the key insights of our theoretical model. Yet, Guess et al. (2023a,b) 

also show that the significant changes in online behavior and news ex­

posure induced by algorithmic ranking and reshares, respectively, do 

not translate into significant changes in political attitudes (e.g., affective 

polarization). As suggested by Guess et al. (2023a,b), this discrepancy, 

which is also in contrast with our results in terms of misinformation and 

polarization, may be due—among other factors—to the short time win­

dow of their study (three months before the 2020 US election) and to 

the fact that such randomized intervention on a small (and self-selected) 

fraction of platform users may miss potentially relevant general equilib­

rium effects of algorithmic changes. In this respect, we can reconcile our 

empirical findings with those of Guess et al. (2023a,b). Indeed, we docu­

ment a significant impact of an algorithmic change boosting the weight 

given to reshares and likes in the ranking on ideological extremism and 

5 Our work is also complementary to papers that explore alternative mech­

anisms linking social media, misinformation, and polarization. Azzimonti and 

Fernandes (2022) model the diffusion of misinformation via internet bots, while 

van Gils et al. (2024) examine how microtargeting shapes political outcomes. 

Beknazar-Yuzbashev et al. (2024) show that when harmful content is comple­

mentary to user engagement, advertising-driven platforms may find it profitable 

to promote such content. In contrast, our paper focuses on the dynamic feedback 

loop between user behavior and algorithmic rankings, showing how varying 

the weight on engagement metrics can raise platform activity while amplifying 

polarization and misinformation.
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affective polarization, as potentially arising from the general equilibrium 

effects of a population-wide change in the algorithm. Importantly, our 

event-study estimates suggest that the impact of the algorithm change on 

ideological extremism may not materialize on impact, thus further sug­

gesting that it may take time to translate changes in online behavior into 

changes in political attitudes and knowledge. Similarly, Kalra (2021) 

provides evidence from India showing that recommendation algorithms 

tend to increase user engagement while fostering toxic content. The 

trade-off between social media engagement and negative externalities 

predicted by our model also speaks directly to the empirical evidence by 

Beknazar-Yuzbashev et al. (2022), who shows that curbing toxic content 

on social media platforms leads to a reduction in user engagement.6

The remainder of the paper is structured as follows. Section 2 in­

troduces the theoretical model, describing the behavior of individuals 

and the platform’s ranking algorithm. Section 3 characterizes the equi­

librium clicking and highlighting distributions and analyzes the effects 

of ranking parameters on engagement, misinformation, and polariza­

tion. Section 4 presents the implications of our model and discusses how 

an engagement tax may reduce misinformation and polarization by af­

fecting platform incentives. Section 5 discusses extensions of the model 

allowing for: (𝑎) alternative distributions of highlighting behavior; (𝑏)
incorporating personalized rankings. Section 6 provides empirical ev­

idence based on the 2018 Facebook “Meaningful Social Interactions” 

algorithmic update using survey data from Italy and the United States. 

Section 7 concludes.

2 . The model

At the center of the model is a digital platform characterized by its 

recommendation algorithm, which ranks and directs individuals to dif­

ferent news items (e.g., websites, Facebook posts, tweets), based on the 

popularity of individuals’ choices. Such news items may be used by indi­

viduals to obtain information on an unknown, cardinal state of the world

𝜃 ∈ R (e.g., net benefit of a vaccine, consequences of inaction on global 

warming, adequacy of a presidential candidate, etc.).

The ranking of each news item is inversely related to its popularity, 

where the popularity is determined by the number of clicks and the 

number of “highlights” received by the given item (e.g., likes received 

by a Facebook post/number of shares, likes, retweets of a tweet, etc.). 

Each click has a weight of one, and each “highlight” has a weight of 

𝜂 ≥ 0, so that a subject clicking and highlighting an item increases its 

popularity by 1+𝜂. We briefly illustrate the working of the model before 

delving into more details regarding the ranking algorithm.

2.1 . Individual clicking and highlighting choices

There is a large number 𝑁  of individuals, each of whom receives a 

private informative signal on the state of the world, 𝑥𝑛 ∈ R, which is 

drawn randomly and independently from 𝑁(𝜃, 𝜎2𝑥) (we use 𝑓 (𝑥; 𝜃, 𝜎2𝑥) to 

denote the corresponding density function). There is also a large num­

ber 𝑀  of news items that individuals can click on, each of which carries 

an informative signal on the state of the world 𝑦𝑚 ∈ R, also drawn ran­

domly and independently from 𝑁(𝜃, 𝜎2𝑦 ) (we use 𝑓 (𝑦; 𝜃, 𝜎2𝑦 ) to denote the 

corresponding density function).

2.1.1 . Individual clicking choices absent ranking

To model individuals’ clicking choices, we assume there is a bench­

mark 𝜃 ∈ R—non-informative with respect to 𝜃—which allows indi­

viduals to sort news items into “like-minded” or not. Specifically, we 

6 The theoretical predictions of the model pointing out the role of social media 

algorithms in fostering misinformation, are also consistent with Vosoughi et al. 

(2018), who provide evidence that false stories spread faster than true ones on 

Twitter. Similarly, Mosleh et al. (2020) points out the presence of a negative 

correlation between the veracity of a news item and its probability of being 

shared on Twitter.

assume that, besides the order of the news items provided by the ranking 

algorithm, individuals are able to see whether a news item is reporting 

a “like-minded” information or not. Yet they need to click on the news 

item in order to see the actual signal 𝑦𝑚. This assumption is meant to cap­

ture a rather typical situation, where individuals observe the “coarse” 

information provided on the landing page by the platform (e.g., infer 

the basic stance of a news item, whether Left or Right, pro or anti some­

thing, from the website title, Facebook post intro, first tweet in a thread, 

etc.), yet, in order to learn the actual content of the news (i.e., the car­

dinal signal 𝑦𝑚) and update their beliefs, the individual has to click on 

the news item.

We formally translate this setting into assuming that an individual is 

able to observe whether her own signal 𝑥𝑛 and the news items’ signals 𝑦𝑚
are above or below 𝜃. Accordingly, for each individual, the signal 𝑥𝑛 has 

an associated binary signal indicating whether 𝑥𝑛 is above or below 𝜃: 
sgn(𝑥𝑛) ∈ {−1, 1}, where sgn(𝑥𝑛) = −1 if 𝑥𝑛 < 𝜃 and sgn(𝑥𝑛) = 1 if 𝑥𝑛 ≥ 𝜃. 
Similarly, for each news item, the signal 𝑦𝑚 has an associated binary 

signal sgn(𝑦𝑚) ∈ {−1, 1}, where sgn(𝑦𝑚) = −1 if 𝑦𝑚 < 𝜃 and sgn(𝑦𝑚) = 1
if 𝑦𝑚 ≥ 𝜃. Let 𝑀− and 𝑀+ denote the sets of news items with binary 

signals respectively −1 and 1 (by slight abuse of notation, we use #𝑀−
and #𝑀+ or sometimes directly 𝑀− and 𝑀+ to denote the number of 

news items in 𝑀− and 𝑀+ respectively). Thus, given the individual’s 

signal 𝑥𝑛, the benchmark 𝜃 allows the individual to sort news items into 

“like-minded” or not, before actually clicking or reading. For most of the 

paper, we focus on the case where the benchmark separates signals into 

roughly symmetric groups: 𝜃 ≈ 𝜃.7

At the same time, as mentioned, individuals have to click on news 

item 𝑚 in order to learn its cardinal signal 𝑦𝑚. Following Germano et al. 

(2019); Germano and Sobbrio (2020), we model clicking behavior by 

means of a stochastic choice rule accounting for the fact that two web­

sites 𝑚 and 𝑚′ with the same sign are perfect substitutes (since two items 

with the same sign (𝑦𝑚, 𝑦𝑚′  with sgn(𝑦𝑚) = sgn(𝑦′𝑚)) appear identical to 

an individual before clicking).8 Assuming each individual derives value 

𝛾𝑛 ∈ (0, 1) from clicking on a like-minded news item and 1 − 𝛾𝑛 for 

clicking on a non-like-minded item, this readily implies that the Luce 

choice rule propensity is simply 𝛾𝑛 for clicking on a like-minded item 

and 1 − 𝛾𝑛 for clicking on a non-like-minded item. For simplicity, we 

assume individuals can be of three clicking types 𝑘 ∈ {𝐶,𝐸, 𝐼}:

• confirmatory type (𝑘 = 𝐶): 𝛾𝑛 = 𝛾𝐶 > 1∕2;

• exploratory type (𝑘 = 𝐸): 𝛾𝑛 = 𝛾𝐸 < 1∕2;

• indifferent (purely ranking-driven) type (𝑘 = 𝐼): 𝛾𝑛 = 𝛾𝐼 = 1∕2.

These three types occur with probabilities, respectively, 𝑝𝐶 , 𝑝𝐸 , 𝑝𝐼 ≥ 0, 

such that 𝑝𝐶 > 1∕2 and 𝑝𝐶 + 𝑝𝐸 + 𝑝𝐼 = 1.9 While we allow for all three 

types, all the key results of the model hold even if we were to focus 

on only one or two of the types (always including the confirmatory 

7 Say, |𝜃 − 𝜃| < min
{

𝜎𝑥
4
, 𝜎𝑦

4

}

. In Appendix B.2 we discuss the case where 

individuals have heterogeneous benchmarks 𝜃𝑛; Appendix B.3 discusses the case, 

where 𝜃 and 𝜃 are far apart.
8 See Luce (1959) and Block and Marschack (1960) for early papers on stochas­

tic choice rules (Luce rules) and Gül et al. (2014) for rules allowing for identical 

alternatives.
9 Similar to the literature on political economy that parametrizes the frac­

tion of different types of voters (Krasa and Polborn, 2009; Krishna and Morgan, 

2011; Galasso and Nannicini, 2011), the model does not micro-found the indi­

viduals’ clicking choices. At the same time, it is easy to see that the confirmatory 

type might be driven by a preference for like-minded news (Mullainathan and 

Shleifer, 2005; Bernhardt et al., 2008; Gentzkow and Shapiro, 2010; Sobbrio, 

2014; Gentzkow et al., 2015). Yom-Tov et al. (2013); Flaxman et al. (2016);

White and Horvitz (2015); Braghieri et al. (2025) provide empirical evidence 

on confirmation bias by users of digital platforms. Similarly, the exploratory 

type might be the by-product of incentives to cross-check different information 

sources (Rudiger, 2013; Athey et al., 2018). Finally, the indifferent type allows 

us to consider the role of individuals with a high attention bias or search cost 

(Pan et al., 2007; Glick et al., 2014; Novarese and Wilson, 2013).
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Fig. 1. Individuals’ signal distribution and highlighting propensity and items’ signal distribution for 𝜃 = 𝜃 = 0 and 𝜎2𝑦 < 𝜎
2
𝑥 .

type).10 Dividing by the number of items in the relevant class (whether 

like-minded or not) to keep track of ex ante identical items, we can write 

individual 𝑛’s ranking-free choice function for clicking on item 𝑚 when her 

type is 𝑘 as: 

𝜑𝑛,𝑚(𝑘) =
{

𝛾𝑘∕[𝑚] if sgn(𝑥𝑛) = sgn(𝑦𝑚)
(1 − 𝛾𝑘)∕[𝑚] if sgn(𝑥𝑛) ≠ sgn(𝑦𝑚),

(1)

where 𝑘 ∈ {𝐶,𝐸, 𝐼} and [𝑚] = #𝑀− if sgn(𝑦𝑚) = −1 and [𝑚] = #𝑀+ if 

sgn(𝑦𝑚) = 1.

2.1.2 . Individual clicking choices with ranking

So far, the ranking of items did not influence the clicking choice. 

We now allow the individual choice function to take into account that 

individuals see the news items ordered by the ranking 𝑟𝑛 =
(

𝑟𝑛,𝑚
)

𝑚∈𝑀 , 

where 𝑟𝑛,𝑚 is the rank of news item 𝑚 as seen by individual 𝑛. We assume 

individuals have an attention bias calibrated by the parameter 1 < 𝛽 < 2, 

with the interpretation that, a news item of equal significance but placed 

one position higher in the ranking, has a likelihood 𝛽 times greater to be 

clicked on than the lower ranked one (Pan et al., 2007; Glick et al., 

2014; Novarese and Wilson, 2013). Together with the propensity to 

click, absent ranking, these jointly determine the probability with which 

individuals click on news items. Define the probability of individual 𝑛of 

clicking type 𝑘to click on news item 𝑚 as:

𝜌𝑛,𝑚(𝑘) =
𝛽
𝑀−𝑟𝑛,𝑚

𝑀 𝜑𝑛,𝑚(𝑘)

∑

𝑚′∈𝑀 𝛽
𝑀−𝑟𝑛,𝑚′

𝑀 𝜑𝑛,𝑚′ (𝑘)
. (2)

2.1.3 . Individual highlighting choices

After clicking on a given news item 𝑚, the individual sees the actual 

signal 𝑦𝑚 ∈ R and then decides whether or not to highlight that item (e.g, 

like, share, retweet, etc.). This depends on the individual’s highlighting 

type ℎ ∈ {𝐴, 𝑃 }. We consider two highlighting types:

• passive type (ℎ = 𝑃 ): never highlights a news item regardless of her 

signal;

• active type (ℎ = 𝐴): highlights a news item if and only if the news 

item’s signal is sufficiently close to her own signal, 𝑦𝑚 ∈ 𝐻(𝑥𝑛),

where 𝐻(𝑥𝑛) ≡ [𝑥𝑛 − 𝜎𝑥∕2, 𝑥𝑛 + 𝜎𝑥∕2] and 𝜎𝑥 is the standard deviation of 

the individual’s signal 𝑥𝑛. We assume the active and passive highlighting 

types occur with probabilities 𝑝𝐴, 𝑝𝑃 ≥ 0, respectively, where 𝑝𝐴 + 𝑝𝑃 =
1. Importantly, the probability of an individual’s highlighting type is a 

10 Note that we assume clicking types to be independent of individuals’ priors 

𝑥𝑛, but when formalizing the “highlighting” behavior, we allow highlighting 

types to be correlated with the priors.

function of the signal, where for the probability of being an active type 𝑝𝐴, 

we assume: 

𝑝𝐴(𝑥𝑛) = 1 − 𝑒
− 1

2𝛼

(

𝑥𝑛−𝜃
𝜎𝑥

)2𝛼

, 𝛼 ≥ 1 . (3)

Thus, we assume: (𝑎) that an individual highlights only if the news item 

reports a signal sufficiently close to her prior (𝑦𝑚 ∈ 𝐻(𝑥𝑛)) (An et al., 

2014; Pogorelskiy and Shum, 2019; Garz et al., 2020; Konovalova et al., 

2023; Braghieri et al., 2025)11; (𝑏) the highlighting probability is in­

creasing in the absolute value of the individual’s signal. Specifically, 𝑝𝐴
increases with the (square of the) deviation of 𝑥𝑛 from the benchmark 

𝜃, normalized by 𝜎𝑥. And, while the specific functional form assumed in 

Eq. (3) is not crucial for our results, what does matter is that individu­

als with more extreme priors are more likely to be active and hence to 

highlight a given news item 𝑦𝑚.12

A function that plays an important role in our analysis is the 

highlighting propensity for an item with signal 𝑦: 

𝜇𝐻 (𝑦) = ∫𝑥∈𝐻−1(𝑦)
2 ⋅ 𝛾(𝑥, 𝑦) ⋅ 𝑝𝐴(𝑥) ⋅ 𝑓 (𝑥; 𝜎2𝑥)𝑑𝑥, (4)

where 𝐻−1(𝑦) = {𝑥 ∈ R | 𝑦 ∈ 𝐻(𝑥)} and 𝛾(𝑥, 𝑦) =
∑

𝑘 𝑝𝑘
(

𝛾𝑘 ⋅ 1{sgn(𝑥)=sgn(𝑦)} + (1 − 𝛾𝑘) ⋅ 1{sgn(𝑥)≠sgn(𝑦)}
)

. It gives the mass 

of highlights to be expected for an item with signal 𝑦 from the mass of 

subjects actually clicking on the item. Similarly, the clicking propensity

for an item is the mass of expected clicks. It is constant and does not 

depend on the item’s signal, apart from its sign (again absent ranking). 

Given the assumed symmetry of behavior for subjects with positive and 

negative priors, the clicking propensity is the same constant whether 

the signal is positive or negative, and we normalize it to 1.

Fig. 1 shows an example of the assumed signal distributions of indi­

viduals (black dashed line) and of news items (gray dashed line). It also 

shows the probability of being an active type (orange dashed line) and 

the resulting highlighting propensity (red solid line).

As with the clicking choice, individuals’ highlighting choice is not 

derived from a maximization problem. While we take this behavior as 

a reduced-form input to preserve tractability, it is important to note 

that such heterogeneity in engagement propensity could potentially be 

rationalized through several behavioral mechanisms. For instance, in­

dividuals with more extreme beliefs may perceive higher political or 

moral stakes, leading them to engage more actively in content sharing. 

Alternatively, they may view their positions as underrepresented or sup­

pressed in mainstream discourse, increasing their motivation to amplify 

11 For example, Braghieri et al. (2025), p. 30, show that “liberals share left-

leaning content around three times more often than moderate content and 

almost never share right-leaning articles. Conservatives display the mirror im­

age of this behavior: they primarily share right-leaning content, and they almost 

never share left-leaning articles.”
12 The results of Section 3.3 are also robust to replacing 𝜃 with 𝜃 in Eq. (3).
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like-minded content. Another potential microfoundation is that individ­

uals with extreme priors may be more susceptible to correlational neglect, 

and thus perceive like-minded news as more informative than it actu­

ally is (Ortoleva and Snowberg, 2015). While a formal microfoundation 

of the stochastic choice rule is beyond the scope of our paper, we be­

lieve these behavioral interpretations help clarify the forces behind the 

highlighting structure we assume and lend further support to our mod­

eling choices. Importantly, the assumed highlighting behavior is rooted 

in observed empirical regularities regarding how individuals with more 

extreme ideological beliefs tend to be more actively engaged and also 

more likely to highlight political news items on social media platforms 

(Bakshy et al., 2015; Grinberg et al., 2019; Pew, 2019; Hopp et al., 2020;

Fraxanet et al., 2025).

In particular, by using data on over 10 million Facebook users in 

the US, Bakshy et al. (2015) provides evidence on the ideological dis­

tribution of shared political news.13 The data clearly show a bimodal 

distribution with large mass on the tails of the distribution, i.e., indi­

viduals with more extreme preferences account for a larger proportion 

of the overall shared content on Facebook. Remarkably, such a bimodal 

distribution is present only when looking at the distribution of shares 

related to content defined by Bakshy et al. (2015) as “hard” informa­

tion (e.g., national news, politics, world affairs). By contrast, no such 

bimodality is present when looking at “soft” information (e.g., sports, 

entertainment, travel). This suggests that the bimodal distribution ob­

served in the shares of “hard” information is unlikely to be driven by 

large tails in the ideological distribution of Facebook’s users (i.e., a bi­

modal distribution of Facebook users’ ideology) or by a larger density of 

the network in such tails. Rather, such a bimodal distribution of shares 

is likely to be driven by users with more extreme ideological preferences 

who have a higher propensity to share political content. Furthermore, 

the assumed correlation between extreme beliefs and the probability of 

highlighting a news content is also consistent with the evidence provided 

by Braghieri et al. (2025) showing that extreme articles are approxi­

mately 4 times more likely to be heavily shared on Facebook (i.e., shared 

at least 100 times) and that liberals and conservatives account for 79% 

of total shares on Facebook. Remarkably, the study points out that the 

distribution of slant of the articles that are heavily shared on Facebook 

has much thicker tails than the distribution of slant on the production 

side.14

2.2 . Platform and ranking algorithm

We consider popularity-based rankings that evolve as a function of the 

clicking and highlighting behavior of individuals.

2.2.1 . Popularity ranking

After each individual makes her choices, the algorithm updates the 

popularity of each news item such that a click has a weight of 1 and a 

highlight has a weight of 𝜂 ∈ R+. That is, starting from 𝜅0,𝑚 ∈ R+, the 

popularity of each item 𝑚, 𝜅𝑛,𝑚, for 𝑛 ≥ 1, is updated according to: 

𝜅𝑛,𝑚 = 𝜅𝑛−1,𝑚 +

⎧

⎪

⎨

⎪

⎩

0 if 𝑚 is not clicked on by 𝑛
1 if 𝑚 is clicked on and not highlighted by 𝑛

1 + 𝜂 if 𝑚 is clicked on and highlighted by 𝑛.
(5)

13 More specifically, they measure the ideological alignment of content shared 

on Facebook as the average affiliation of sharers weighted by the total number 

of shares. Similar evidence is presented by the authors when weighting by the 

total number of distinct URLs shared.
14 See also Grinberg et al. (2019); Pew (2019); Hopp et al. (2020) for addi­

tional empirical evidence on the positive correlation between extremist political 

preferences and the propensity to share political news on social media. Fraxanet 

et al. (2025) further documents U-shaped patterns of being active for various 

types of engagement on Facebook.

The ranking of the news that individual 𝑛 sees 
(

𝑟𝑛,𝑚
)

𝑚∈𝑀  is inversely 

related to the popularity before she clicks: 

𝑟𝑛,𝑚 < 𝑟𝑛,𝑚′ ⟺ 𝜅𝑛−1,𝑚 > 𝜅𝑛−1,𝑚′ . (6)

We also keep track of the traffic a news item receives without counting 

the highlights. Hence, starting from 𝜅0,𝑚 = 𝜅0,𝑚 ∈ R+, the number of 

clicks on news item 𝑚, 𝜅𝑛,𝑚, for 𝑛 ≥ 1, is updated according to: 

𝜅𝑛,𝑚 = 𝜅𝑛−1,𝑚 +
{

0 if 𝑚 is not clicked on by 𝑛
1 if 𝑚 is clicked on by 𝑛. (7)

Similarly, we keep track of the number of highlights a news item re­

ceives, without counting the clicks. Thus again, defining 𝜅0,𝑚 = 𝜅0,𝑚 ∈
R+, the number of highlights of news item 𝑚, 𝜅𝑛,𝑚, for 𝑛 ≥ 1, is updated 

accordingly.

2.3 . Evaluation indices

To evaluate the effects of the highlighting parameter of the ranking 

algorithm, we formally define a few indices. Let 𝑦(𝑛) ∈ 𝑀  denote the 

signal of the news item clicked on by individual 𝑛, and let 𝐿 (𝑅) denote 

the individuals with signals 𝑥𝑛 with sign(𝑥𝑛) = −1 (= +1). Then we can 

define the following indices:

• 𝑔
Engagement on item 𝑚 by group 𝑔: 𝐸𝑁𝐺𝑚 = 𝜅𝑔 +𝑁,𝑚 𝜅𝑔  (clicking 𝑁,𝑚
and highlighting by group 𝑔)

•
∑

( )

Total Engagement: 𝐸𝑁𝐺 = 𝑚∈𝑀 𝐸𝑁𝐺𝐿 +𝑚 𝐸𝑁𝐺𝑅  (total clicking 𝑚
and highlighting)

• = 1 ∑

Misinformation: 𝑀𝐼𝑆 𝑁 𝑛∈ |𝑁 𝑦(𝑛) − 𝜃|
• 1 ∑ ∑

Polarization: 𝑃𝑂𝐿 = |

𝑁 | 𝑛∈𝑅 𝑦(𝑛) − 𝑛′∈𝐿 𝑦(𝑛′)||.

The first two indices aim to capture a key dimension of what digital 

platforms care about: user engagement, or the expected amount of activ­

ity generated by the individuals.15 The third index is a straightforward 

measure of misinformation capturing the average distance between the 

information carried by the news items clicked on by individuals and the 

true state of the world. The fourth index measures polarization as the 

average distance between the information provided by the news items 

chosen by individuals in group 𝑅 with the respect to the ones chosen by 

individuals in group 𝐿.16

3 . Engagement, misinformation and polarization

In this section, we study the dynamic interplay between individuals’ 

clicking and highlighting behavior and the platform’s popularity ranking 

algorithm. To simplify the discussion, throughout this section we assume 

that 𝜃 = 𝜃. That is, we focus on the symmetric case where signals are 

symmetrically distributed around the benchmark.17 We first present a 

preliminary discussion of the mechanism linking 𝜂 and the dynamics of 

clicking and highlighting. We then provide analytical results character­

izing limit clicking and highlighting distributions and the impact of 𝜂 on 

the key indices introduced in Section 2.3.

15 In particular, the willingness to increase engagement was behind the update 

(boost in 𝜂 in our model) implemented in 2018 by Facebook with the stated 

objective of increasing meaningful social interactions (see Section 6 for a related 

discussion).
16 Notice that we abstract from the specific belief updating of each individ­

ual. Our focus is on the comparative static effect of changes in the algorithm 

parameter (𝜂) on misinformation and polarization. Accordingly, the proposed 

misinformation and polarization indices will be informative on such effects as 

long as individuals update their beliefs in the direction of the signal carried by 

the news item they click on, 𝑦(𝑛).
17 Allowing for heterogeneous benchmarks across individuals 𝜃  does not qual­𝑛
itatively affect the results; see Appendix B.2. Similarly, allowing for small 

asymmetries in the distribution of signals with respect to 
{

the benchmark 
}

𝜃 also 

does not affect the results qualitatively (|𝜃 − 𝜃| < min 𝜎𝑥 𝜎, 𝑦 ). However, al­
4 4

lowing for large asymmetries may change the results; Appendix B.3 discusses 

the case where 𝜃 and 𝜃 are far apart.
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Fig. 2. Polarization and misinformation increase for increasing values of 𝜂. Panels (A) and (B) show users’ clicking behavior for 𝜂 = 0 and 𝜂 = 100, respectively. Panels 

(C) and (D) show users’ highlighting behavior for 𝜂 = 0 and 𝜂 = 100, respectively. Polarization increases from an average value of 1.8 (SD 0.5) to 2.8 (SD 0.4), and 

misinformation increases from an average value of 2.4 (SD 0.6) to 3.6 (SD 0.4).

3.1 . Boosting meaningful social interactions: crowding out the truth

A key objective of our model is to understand the effect of the weight 

of a highlight (𝜂) on engagement, misinformation, and polarization.

It turns out that increasing the weight on highlighting (𝜂) can have 

desirable properties for the platform, namely, higher engagement, but 

not necessarily for users since it can result in higher misinformation 

and higher polarization. To see this, notice first that the combination of 

normally distributed priors and a propensity to highlight that increases 

in the extremeness of the prior leads to highlighting behavior that is 

bimodal (see Section 2.1.3, Fig. 1). An important intermediary result 

shows that, as 𝜂 becomes large and highlighting becomes relatively more 

important, the clicking distribution inherits the basic shape of the high­

lighting distribution. The reason is that, due to the ranking algorithm, 

when 𝜂 is large, items that have a high propensity of being highlighted go 

higher up in the ranking, and highlighting behavior becomes more im­

portant as a driver of what individuals see as being ranked prominently 

and ultimately end up clicking on.

As a result, as 𝜂 increases, the clicking distribution goes from being 

roughly unimodal and centered around the true state 𝜃 when 𝜂 is small 

to being increasingly bimodal as 𝜂 gets large. Since the clicking distri­

bution reflects what people read, this shows that a higher 𝜂 increases 

both misinformation and polarization. This also leads to higher engage­

ment (measured as the sum of clicks and highlights). This is illustrated 

in Fig. 2, where Panels A and B show the clicking distribution for the 

cases of respectively small and large 𝜂. We refer to this phenomenon, 

whereby individuals are less likely to click on items close to the true 

state and more likely to click on ones further away, due to a higher pa­

rameter 𝜂, as crowding out the truth. As mentioned in the introduction, the 

case of large 𝜂 seems to capture what Bail (2021) refers to as the social 

media “prism”, which he argues besides fueling extremism and polariza­

tion, mutes moderates and gives a distorted image of others. To see this, 

consider Panel B, where we see that individuals on the left, for example, 

are more likely to click on extreme items from the left when clicking on 

the left (blue), but are also more likely to click on extreme items from 

the right when clicking on the right (shaded red on the right). This sug­

gests that they will get a more extreme impression of individuals both 

on the left and on the right and, given that priors are centered around 𝜃, 
this is also consistent with higher perceived polarization on social media 

(see also Yang et al., 2016). In other words, the highlighting parameter 𝜂
can be seen as directly contributing to the “prism” effect of Bail (2021). 

Panels C and D, finally, show the highlighting behavior in the case of 

small and large 𝜂 respectively, and where it can be seen that there is more 

highlighting in D than in C, suggesting that engagement increases with 𝜂.

In the sections that follow, we look at the above phenomena more 

formally and also connect them to metrics of the platform’s engagement 

and users’ information and polarization.

3.2 . Limit clicking and highlighting behavior

In order to evaluate the impact of the parameters of the algorithm 

(𝜂), it is useful to obtain the actual clicking and highlighting behavior of 

the individuals, while keeping track of the dynamic feedback between 

clicking, highlighting and ranking. We do this by characterizing the 

limit clicking and highlighting behavior, since these ultimately deter­

mine what to expect in terms of engagement and changes in posterior 

beliefs. These are computed for an arbitrarily large number of repetitions 

(𝑇 → ∞) of the process described in Sections 2.1 and 2.2. Characterizing 

the feedback loop of such a ranking process while keeping track of the 

stochastic behavior of the subjects is not a straightforward task, yet it 

is fundamental to compute comparative statics and understand the role 

of algorithms when evaluating potential effects on opinion formation 

(Matias and Wright, 2022; Narayanan, 2023).

A central feature of the ranking algorithm is its dependence on the 

popularity of different items. Define the expected popularity of an item 

with signal 𝑦, absent ranking, as the sum of the expected clicking and high­

lighting propensities, absent ranking, where highlighting is weighted 

by 𝜂: 

𝜋(𝑦) =
1 + 𝜂 ⋅ 𝜇𝐻 (𝑦)

𝑀 ⋅ (1 + 𝜂 ⋅ 𝜇̄𝐻 ) + 𝜂 ⋅ (𝜇𝐻 (𝑦) − 𝜇̄𝐻 )
, (8)

where 𝜇𝐻 (𝑦) is defined in Eq. (4) and 𝜇̄𝐻 = ∫ 𝜇𝐻 (𝑦)𝑓 (𝑦; 𝜎2𝑦 )𝑑𝑦.
18

An assumption that we maintain in this and the following section 

is that the expected rank (over arbitrarily many repetitions) of a given 

item with signal 𝑦𝑚 = 𝑦 ∈ R is approximated by a linearly decreasing 

function of the expected popularity of that item, absent ranking: 

𝑟(𝑦) ≈ 𝜁0 − 𝜁1 ⋅ 𝜋(𝑦), (9)

where 𝜁0, 𝜁1 > 0 are constants. Simulations of the model with large 

numbers of individuals (𝑁) and of repetitions (𝑇 ) seem to consistently 

support the assumption, see Fig. 3.19

18 Eq. (8) is derived from:

𝜋(𝑦𝑚) =
∫
∑

𝑘∈{𝐶,𝐸,𝐼} 𝑝𝑘 ⋅ 𝜑𝑛,𝑚 ⋅
(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥𝑛) ⋅ 1{𝑥𝑛∈𝐻(𝑦𝑚)}
)

𝑓 (𝑥; 𝜎2𝑥)𝑑𝑥
∑

𝑚′∈𝑀 ∫
∑

𝑘∈{𝐶,𝐸,𝐼} 𝑝𝑘 ⋅ 𝜑𝑛,𝑚′ ⋅
(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥𝑛) ⋅ 1{𝑥𝑛∈𝐻(𝑦𝑚′ )}
)

𝑓 (𝑥; 𝜎2𝑥)𝑑𝑥
,

taking averages over 𝑇  repetitions for 𝑇 → ∞. See the Appendix for a derivation.
19 Further simulations are available upon request from the authors.

Journal of Public Economics 255 (2026) 105589 

7 



F. Germano, V. Gómez and F. Sobbrio

Fig. 3. Linear dependence between the expected rank (blue circles, obtained from simulations) and the expected popularity 𝜋(𝑦) as assumed in Eq. (9). Red line denotes 

the best linear fit. To compute each blue dot, we binned the item’s signals into 81 bins (bin-size = 0.2) and compute the mean popularity and the corresponding mean 

rank from 𝑇 = 103 experiments, each of them with different 𝑀 = 20 item’s signals and different 𝑁 = 5 ⋅ 103 individual’s signals.

This assumption significantly simplifies the analysis.20 It allows us to 

derive the effects of the popularity parameter and to characterize both 

the users’ limit clicking (𝐶𝐿) and limit highlighting (𝐻𝐿) behavior. In both 

cases we take 𝑇  runs of the process described in Sections 2.1 and 2.2 

with 𝑇 → ∞ and with 𝑁𝑡 = 𝑁  individuals in each run, where 𝑁 → ∞. 

For 𝑦 ∈ R, 𝐶𝐿(𝑦) computes the limiting share of clicks to be expected 

for an item with signal 𝑦, averaged over the individuals 𝑁  and the runs 

𝑇 , and 𝐻𝐿(𝑦) computes the limiting total highlights to be expected for 

an item with signal 𝑦, averaged over the individuals 𝑁  and the runs 𝑇 . 

We refer to 𝐶𝐿 and 𝐻𝐿 as limit clicking and limit highlighting distri­

butions respectively, for lack of better terminology, but note that they 

are not distributions in the strict sense. Rather, once integrated over all 

𝑦 ∈ R, they yield the expected amount of clicks and highlights, and are 

later used to evaluate our measures of engagement and hence also po­

larization and misinformation. The following proposition characterizes 

the two:

Proposition 1  (Limit Clicking and Highlighting 

Distributions). Assume Eq. (9) and 𝜃 = 𝜃, then the limit clicking 

distribution can be approximated as: 

𝐶𝐿(𝑦) ≈ Λ𝛽 (𝜋(𝑦)) ⋅ 𝑓 (𝑦; 𝜎2𝑦 ), (10)

where, Λ𝛽  is a linear function with Λ′
𝛽 > 0 for 𝛽 > 1, 𝜋 is defined in 

Eq. (8). Accordingly, the limit highlighting distribution can be approximated 

as 𝐻𝐿(𝑦) ≈ 𝜇𝐻 (𝑦) ⋅ 𝐶𝐿(𝑦).

The first result shows a basic feature of our ranking-based dynam­

ics, namely, that the expected traffic on a given item is driven by its 

expected popularity, absent ranking. Attention bias enters through Λ𝛽
as it’s a strictly increasing function of 𝜋(𝑦) provided 𝛽 > 1. A higher 𝜋(𝑦)
increases the rank of an item with signal 𝑦, thereby increasing its traffic, 

the more so, the greater 𝛽 is, for 𝛽 > 1. With Eq. (8) we can write: 

𝐶𝐿(𝑦) ∝ (1 + 𝜂 ⋅ 𝜇𝐻 (𝑦)) ⋅ 𝑓 (𝑦; 𝜎2𝑦 ), (11)

meaning that, for any 𝑦, 𝐶𝐿(𝑦) is proportional to the expression on the 

right and directly shows how 𝜂 affects limit clicking behavior. Both re­

sults follow from the linearity assumption in Eq. (9) combined with the 

functional form of the clicking probabilities assumed in Eq. (2). Notice, 

however, that the limit highlighting distribution is not normalized to 

20 The analysis would otherwise require computing the distribution over limit 

rankings, which is an open problem even without highlighting and with 𝑀 > 2
items (Analytis et al., 2022). However, it can be verified that in the case of 𝑀 =
2, using a result from Analytis et al. (2022), there is an exact linear relationship 

between the expected rank and the clicking propensity as assumed in Eq. (9).

integrate to 1, thereby allowing it to also capture the intensity of high­

lighting. Importantly, the limit clicking and highlighting distributions 

are used to compute the effects of algorithmic parameters on metrics of 

engagement, misinformation, and polarization, as well as to assess the 

effect of an engagement tax.

3.3 . Engagement, misinformation and polarization: analytical results

We here focus on the comparative statics of the popularity param­

eter for highlighting (𝜂).21 As is clear from Section 3.2, as 𝜂 increases, 

the expected popularity of an item and hence its expected traffic is in­

creasingly driven by the highlighting propensity. This observation is a 

central message of the paper and has important consequences for how 

the parameter 𝜂 affects engagement, misinformation and polarization.

Proposition 2  (Effect of 𝜂 on Engagement, Misinformation and 

Polarization). Assume Eq. (9), 𝜃 = 𝜃, and 𝜎𝑦 ≤ 𝜎𝑥, then increasing the 

weight on highlighting (higher 𝜂) increases user engagement, misinformation 

and polarization.

Thus, increasing 𝜂 increases engagement, but also has the adverse 

effect of increasing misinformation and polarization. It is possible to 

interpret these results in light of the evidence provided by Bakshy 

et al. (2015). As discussed above, Bakshy et al. (2015) point out that 

in the case of “hard” news (e.g, national, political), the propensity 

to highlight content is indeed higher for individuals with a more ex­

treme prior, whereas the same does not apply to “soft” news (e.g., 

entertainment). The results suggest that social media platforms have 

an incentive to choose a high level of 𝜂 as this results in a high level 

of engagement across all types of news content. Yet, while this might 

not be so much a concern for the “quality” of information consumed 

by the user in the case of “soft” news, we show it might have detri­

mental effects on misinformation and polarization when it comes to 

political news content. Accordingly, the results of Proposition 2 for­

malize the intuition of Narayanan (2023), suggesting that algorithms 

may be detrimental when it comes to non-entertainment domains.22

21 The willingness to increase engagement was behind the boost in 𝜂 imple­

mented in 2018 by Facebook with the stated objective of increasing meaningful 

social interactions; see Section 6 for a related discussion.
22 See Narayanan (2023), p. 37: “Each institution has a set of values that make 

it what it is, such as fairness in journalism, accuracy in science, and aesthetic 

values in art. Markets have notions of quality, such as culinary excellence in 

restaurants and professional skill in a labor market. Over decades or centuries, 

they have built up internal processes that rank and sort what is produced, such 

as peer review. But social media algorithms are oblivious to these values and 

these signals of quality. They reward unrelated factors, based on a logic that 

makes sense for entertainment but not for any other domain.”
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Taken together, these results underscore how seemingly benign algo­

rithmic design choices can have persistent and socially consequential 

effects. In particular, Proposition 2 reveals that even when a platform’s 

ranking algorithm is not explicitly designed to promote ideological ex­

tremes, its interaction with heterogeneous user behavior can generate 

precisely that outcome. The dynamic feedback between engagement-

driven ranking and user highlights implies that algorithmic neutrality 

cannot be assessed solely based on design intentions. This challenges 

claims made by industry representatives regarding the ideological im­

partiality of recommendation systems (Clegg, 2021). Rather, our results 

show that certain algorithmic features—such as greater weight on 

user highlights—can implicitly amplify extremism and misinformation, 

even under symmetric signal structures. These insights highlight the 

importance of analyzing algorithmic effects not in isolation, but as 

part of an evolving equilibrium shaped by user behavior and platform

incentives.

Notice that, while our theoretical model is deliberately structured 

to be analytically tractable, the above comparative statics results are 

not immediate or mechanical consequences of the stated assumptions. 

The ranking function presented in Section 2.2 evolves endogenously, 

following the popularity of each item, where popularity is defined as a 

weighted sum of clicks and highlights. The weights of this function dy­

namically shape the visibility of the content, which in turn affects future 

user behavior, both clicking and highlighting. This creates a non-trivial, 

path-dependent mapping from algorithmic parameters to equilibrium 

outcomes. Proposition 1 is instrumental in allowing one to study this 

mapping.

The less trivial effects of increasing 𝜂 are those on polarization 

and misinformation. They emerge from a subtle dynamic interaction 

between user behavior and algorithmic amplification, and rely in an 

important way on the U-shaped form of the probability of being active 

𝑝𝐴 (reflected in Eq. 3).23 As 𝜂 increases, content highlighted by users 

with more extreme priors—who also highlight more frequently—gains 

disproportionate visibility. The corresponding items tend to reflect sig­

nals that are both more polarized and further away from the truth. Over 

time, the algorithm with a higher 𝜂 steers attention away from mod­

erate, truth-adjacent content, not because the content itself disappears, 

but because it generates less engagement, fewer highlights and hence 

also less popularity. The equilibrium outcome is a limit clicking distri­

bution that is increasingly driven by the propensity to highlight 𝜇𝐻 , and 

is thus increasingly bimodal and with more mass away from the truth. 

The distortions arise even though neither users nor the platform are ac­

tively seeking to misinform or polarize, and even though the content 

pool itself is symmetric and unbiased. It is the feedback loop between 

heterogeneous highlighting behavior and engagement-based ranking 

that gradually pushes the ranking toward the crowding-out of the

truth.

As for the effect of 𝜂 on total engagement, it is not obvious a pri­

ori that giving more weight to highlights increases engagement, since 

highlights occur only after a click, and only if the content is sufficiently 

aligned with the user’s prior. Increasing 𝜂 could, in principle, raise the 

visibility of niche content, thereby discouraging engagement from the 

broader (and more moderate) user base. That this does not occur—and 

that engagement increases in 𝜂—is a result of the amplification mecha­

nism. Users who highlight more frequently indirectly drive up visibility 

for the content they favor, which in turn further attracts increased en­

gagement, without discouraging clicking behavior from the less active 

user types.

23 In Section 5.1, we study the case where 𝑝𝐴 is not U-shaped, but rather 

what we call flat, and show that increasing 𝜂 actually decreases both polariza­

tion and misinformation, while the positive effect on engagement continues to

hold.

4 . The social impact of the recommendation algorithm

We now assess the impact of highlighting weights on different met­

rics linked to the platform’s profit and the information consumed by its 

users, and discuss how a tax may induce platforms to internalize the 

effects of such weights on polarization and misinformation.

4.1 . Highlighting weights

We consider two key dimensions when assessing the impact of the 

recommendation algorithm, namely, one based on what the platform 

cares about: generating high levels of engagement (𝐸𝑁𝐺); and another 

linked to metrics that affect its users: misinformation (𝑀𝐼𝑆) and polar­

ization (𝑃𝑂𝐿). For convenience, we capture all these aspects in a single 

measure of the form: 

𝑊𝜓 (𝜂) = 𝜓 ⋅ 𝐸𝑁𝐺(𝜂) − (1 − 𝜓) ⋅𝑀𝐼𝑆(𝜂) ⋅ 𝑃𝑂𝐿(𝜂), (12)

where 0 ≤ 𝜓 ≤ 1 is a weight for the relative importance of the platform’s 

likely goal (high 𝐸𝑁𝐺) relative to the metrics reflecting the information 

consumed by its users (low 𝑀𝐼𝑆 and 𝑃𝑂𝐿). From the analysis of the 

previous sections, we have that 𝐸𝑁𝐺(⋅),𝑀𝐼𝑆(⋅) and 𝑃𝑂𝐿(⋅) are all in­

creasing in 𝜂 and hence 𝑊1 is also increasing in 𝜂, and 𝑊0 is decreasing 

in 𝜂. Hence we can show the following:

Proposition 3. Assume Eq. (9), 𝜃 = 𝜃, and 𝜎𝑦 ≤ 𝜎𝑥. For small values of 𝜓 , 

(𝜓 ≈ 0), (𝑊𝜓 ) is maximized at 𝜂 ≈ 0, while for large values of 𝜓 , (𝜓 ≈ 1), 

it is maximized at arbitrarily large values of 𝜂.

This presents a key result of the paper. It shows that a clear di­

chotomy arises between the perspective of the platform and that of 

the society in terms of its concerns regarding misinformation and po­

larization, with respect to the desirable weight to be assigned to the 

highlights. While our theoretical framework primarily focuses on this 

divergence, we acknowledge that individuals may also derive direct 

utility from engaging with content, including personalized or even 

ideologically extreme posts. Accordingly, the parameter (𝜓) in our 

model—which governs the weight on engagement in the social wel­

fare function—may also be interpreted as capturing both the platform’s 

benefit from engagement and the utility some users derive from consum­

ing engaging content. Thus, engagement carries both private benefits 

and potential social costs. However, the critical mechanism we study 

involves externalities generated by algorithmic amplification: when 

highlights (likes, shares) enter the ranking algorithm, they influence 

not only the user’s own engagement but also what others are shown. 

This creates an externality, whereby a relatively small number of highly 

active users can shape the informational environment of many others. 

Put differently, in the absence of algorithmic amplification (𝜂 = 0), 

individuals still consume content aligned with their priors, and en­

gagement generates private utility without harming others. However, 

when the highlighting behavior of users enters the ranking (𝜂 > 0), it 

creates an externality: extreme users are more likely to highlight con­

tent aligned with their beliefs, and this content is then shown more 

broadly, even to users with different preferences. This mechanism does 

not rely on any explicit targeting of political content but emerges 

endogenously from the interaction of algorithmic design and user

behavior.

Overall, the trade-off between the platform’s and society’s de­

sirable weights in terms of reducing misinformation and polariza­

tion, highlighted by Proposition 3, resonates with the reports leaked 

by Facebook’s whistleblowers, who underscored the conflicting wel­

fare effects created by the platform’s 2018 “Meaningful social in­

teractions” update that boosted the weights given to content shar­

ing and highlighting in the News Feed algorithm. Indeed, while this 

change increased users’ overall engagement on Facebook, it appears 

to have also led to an increase in the misinformation and polariza­

tion components as predicted by Propositions 2 and 3 (for the case 
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of non-flat 𝑝𝐴).24 Section 6 presents direct empirical evidence in this

regard.

The following section shows how a simple policy instrument, such 

as an engagement tax on highlights, might be beneficial in terms of 

reducing polarization and misinformation precisely by targeting the 

algorithmic source of the externality.

4.2 . Correcting platform incentives: an engagement tax

As discussed in the previous section, the ranking weight 𝜂 on high­

lights generates a divergence between the platform’s objective (high 

engagement) and that of society at large (low misinformation and po­

larization). In this section, we study how a simple policy instrument—a 

per-unit “engagement tax” on highlights—may help reduce the misalign­

ment between the platform and the information consumed by its users. 

Suppose the platform is taxed at the rate 𝜏 ≥ 0 for each highlight. As 

before, we assume the platform receives value from total engagement—

i.e., the sum of clicks and highlights—but now internalizes the monetary 

cost of highlights via the tax. The platform’s objective function becomes: 

Π(𝜂; 𝜏) = 𝐸𝑁𝐺(𝜂) − 𝜏 ⋅𝐻(𝜂), (13)

where 𝐸𝑁𝐺(𝜂) is total engagement as defined in Section 2.3, and 𝐻(𝜂) =
∑

𝑚∈𝑀 𝜅𝑁,𝑚 is the total number of highlights across all users and items 

under ranking weight 𝜂.
Note that 𝐻(𝜂) is increasing in 𝜂 by Proposition 2. We assume that 

the tax revenue is rebated lump-sum to users or redistributed outside 

the platform, and hence does not directly enter user welfare considera­

tions. Let 𝜂∗(𝜏) denote the platform’s optimal highlight weight given tax 

rate 𝜏. It is immediate to see that as 𝜏 increases, the marginal cost of 𝜂
increases. Hence, 𝜂∗(𝜏) is decreasing in 𝜏, as the first-order condition for 

the platform’s maximization problem is:

𝑑𝐸𝑁𝐺(𝜂)
𝑑𝜂

− 𝜏 ⋅
𝑑𝐻(𝜂)
𝑑𝜂

= 0.

Intuitively, the engagement tax reduces the marginal benefit of increas­

ing 𝜂 for the platform, thereby pushing it to adopt a lower ranking weight 

on highlights. Therefore, it follows immediately from Proposition 2 

that a higher 𝜏 is associated with a lower level of misinformation and 

polarization.

This intuitive result shows that a tax on highlights can mitigate 

the harm created by the platform when maximizing engagement. The 

appealing feature of this tax is that it can be implemented without ban­

ning highlights, dictating algorithmic structure, or directly measuring 

the misinformation contained in social media platforms; instead, the 

platform is left to internalize the costs it imposes on users. This result 

parallels standard Pigouvian logic: when the platform does not internal­

ize the externalities its engagement-maximizing algorithm imposes (via 

increased polarization and misinformation), a tax can align private and 

social incentives.

A few remarks are in order. The engagement tax should not be viewed 

as a paternalistic “sin tax” imposed on users. Instead, it functions as a 

Pigouvian correction imposed on the platform, aimed at internalizing 

the externality created by algorithmic amplification. While directly tax­

ing misinformation or polarization may appear ideal, such approaches 

24 An aspect that may play a role in moderating the platform-optimal level of 

𝜂 is how it impacts advertising through its effect on content, besides the effect 

on engagement. For example, if advertisers were to dislike a too high level of 

misinformation/polarization, this could be reflected in 𝑊𝜓  and, consequently, 

could affect the platform-optimal level of 𝜂. Nevertheless, for 𝜓 > 0, i.e., as long 

as the platform cares about engagement, the level of 𝜂 chosen by the platform 

will be higher than the one minimizing misinformation and/or polarization. For 

theoretical models on the role of advertising in affecting content moderation in 

social media, see Madio and Quinn (2025); Liu et al. (2021); Jiménez Durán 

(2022).

require real-time content classification, which is both technically and 

politically challenging. By contrast, engagement metrics are observable 

and auditable. A more refined version of the tax could be content-

specific—targeting, for example, political or health-related items where 

misinformation carries greater external costs. Moreover, higher tax rates 

may be imposed on types of engagement more heavily associated with 

polarization and misinformation (since different types of engagement 

can exhibit different degrees of U-shape, see Fraxanet et al., 2025). In 

practice, such a tax could be implemented indirectly, e.g., by imposing 

regulatory costs proportional to engagement metrics (likes, shares), or 

by limiting monetization (e.g., ad impressions) on content with high 

virality. If platforms were to respond to this tax by altering person­

alization (e.g., shifting 𝜆 to offset lower 𝜂), joint regulation of 𝜂 and 

𝜆 may be needed (see Proposition 3). It is also important to point 

out that Facebook’s MSI update can be interpreted as a shift from a 

low-𝜂 to a high-𝜂 regime. The empirical evidence presented in Section 6 

suggests that this move increased ideological extremism and affective 

polarization, consistent with the model. The engagement tax serves as 

a conceptual counterfactual: the negative externalities might have been 

curtailed if platforms had faced a cost for indirectly promoting extreme, 

high-virality content.

5 . Extensions

5.1 . Alternative distributions of highlighting behavior

It is important to remark that in Section 2.1.3 we embed a spe­

cific (and empirically-driven) assumption concerning the distribution 

of highlighting behavior into our model (see Eq. 3). Yet, our the­

oretical framework is more general in that it allows consideration 

and study of alternative distributions, for example, by looking at 

how the specific distributions of likes, shares, or comments would 

translate into the algorithmically driven dynamics of polarization and

misinformation.

As an illustration, we now discuss how the implications concern­

ing limit clicking, polarization, and misinformation would change if 

one were to assume a non-bimodal distribution of highlights, like for 

example the one suggested by Bakshy et al. (2015) for soft-news (non-

political information). Specifically, suppose now that the probability of 

being an active type 𝑝𝐴 is flat, that is, instead of taking the form assumed 

in Eq. (3) in Section 2.1.3, assume it is constant for all values of 𝑥𝑛. Then 

increasing the weight on highlights (𝜂) can be shown to have some nice 

properties for both the platform and the information consumed by its 

users, namely, it increases engagement, while also reducing both polar­

ization and misinformation. To see this, suppose then that a constant 

share (𝑝𝐴 ∈ (0, 1)) of individuals who read a given article are also will­

ing to highlight it, provided the news item’s signal is sufficiently close 

to the individual’s signal (𝑦𝑚 ∈ 𝐻(𝑥𝑛)). Then as 𝜂 increases, articles that 

get highlighted increase in total popularity and hence go up higher in 

the ranking, meaning that they are in turn also more likely to get clicked 

on. Since both the news items’ and the individuals’ signals are normally 

distributed, there is a relatively higher mass of individuals with signals 

around the truth (𝜃) and so, such individuals are more likely to read 

and highlight articles closer to the truth. This pushes them further up 

in the ranking. Hence, higher values of 𝜂 will tend to concentrate click­

ing around the truth. This decreases polarization and misinformation, 

and, because there are relatively more individuals with signals around 

the truth, due to their normal distribution, it also increases engagement. 

Thus increasing 𝜂 in the flat case directly increases what Facebook calls 

meaningful social interactions, and at the same time concentrates clicking 

around the truth, thereby decreasing misinformation and polarization. 

This is illustrated in Fig. B.1 in the Appendix and is to be contrasted with 

the non-flat case depicted in Fig. 2 in Section 3.1. Hence, in the case of 

soft/non-political information, there is no negative externality generated 

by an engagement maximizing weight on highlights and accordingly also 

no need for an engagement tax.
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5.2 . Popularity ranking with personalization

Suppose now that the ranking, while still being based on popularity, 

can differ from one individual to another and, moreover, weighs clicks 

(and highlights) differently based on which individuals they are made 

by. Suppose the algorithm can deduce for each individual whether 𝑥𝑛 ≤ 𝜃̂
or 𝑥𝑛 > 𝜃̂ (e.g., using data from browsing history), then individuals can 

be assigned by the algorithm into one of two groups 𝐿 or 𝑅 depending on 

whether 𝑥𝑛 ≤ 𝜃̂ or 𝑥𝑛 > 𝜃̂. Choices to click and highlights are determined 

as before, but the difference is that now there are two rankings, 𝑟𝐿𝑛,𝑚 and 

𝑟𝑅𝑛,𝑚, whereby individuals in 𝐿 see 𝑟𝐿𝑛,𝑚 when doing their search, while 

individuals in 𝑅 see 𝑟𝑅𝑛,𝑚. Moreover, the ranking of group 𝑔 ∈ {𝐿,𝑅}
depends only in part on the clicks and highlights of individuals from the 

opposite group.

Specifically, starting from 𝜅𝑔0,𝑚 ∈ R+, the popularity for group 𝑔 of 

each news item 𝑚, 𝜅𝑔𝑛,𝑚, for 𝑛 ≥ 1, is updated according to: 

𝜅𝑔𝑛,𝑚 = 𝜅𝑔𝑛−1,𝑚+

⎧

⎪

⎨

⎪

⎩

0 if 𝑚 is not clicked on by 𝑛
1 − 𝜆(𝑛) if 𝑚 is clicked on and not highlighted by 𝑛,

(1 − 𝜆(𝑛))(1 + 𝜂) if 𝑚 is clicked on and highlighted by 𝑛,
(14)

where 𝜆(𝑛) = 0 if 𝑛 ∈ 𝑔 and 𝜆(𝑛) = 𝜆 if 𝑛 ∉ 𝑔, and where 𝜆 ∈ [0, 1] is 
a parameter of the personalized ranking algorithm and determines how 

much clicks and highlights from the opposite group 𝑔′ ≠ 𝑔 count for the 

ranking seen by group 𝑔. When 𝜆 = 0 clicks from both groups count the 

same, so that the two rankings are identical, and we get back the case 

of a single ranking. When 𝜆 = 1 each group sees a fully personalized 

ranking, independent of the clicks and highlights of the other group.

As before, the ranking of news item 𝑚 that individual 𝑛 ∈ 𝑔 sees 
(

𝑟𝑔𝑛,𝑚
)

𝑚∈𝑀  is inversely related to the popularity of 𝑚 before 𝑛 clicks: 

𝑟𝑔𝑛,𝑚 < 𝑟
𝑔
𝑛,𝑚′ ⟺ 𝜅𝑔𝑛−1,𝑚 > 𝜅

𝑔
𝑛−1,𝑚′ , 𝑔 ∈ {𝐿,𝑅}. (15)

We also keep track of traffic and engagement of news items separately 

for each group. Starting again from 𝜅𝑔0,𝑚 = 𝜅0,𝑚 ∈ R+, the number of 

clicks by group 𝑔 on website 𝑚, 𝜅𝑔𝑛,𝑚, for 𝑛 ≥ 1 and 𝑔 ∈ {𝐿,𝑅}, is updated 

according to: 

𝜅𝑔𝑛,𝑚 = 𝜅𝑔𝑛−1,𝑚 +

⎧

⎪

⎨

⎪

⎩

0 if 𝑚 is not clicked on by 𝑛
1 if 𝑚 is clicked on by 𝑛, 𝑛 ∈ 𝑔
0 if 𝑚 is clicked on by 𝑛, 𝑛 ∉ 𝑔,

(16)

The same can be done by counting the highlights of group 𝑔 without 

counting the clicks, 𝜅𝑔𝑛,𝑚, for 𝑔 ∈ {𝐿,𝑅}.
Considering this more general model with this simple form of per­

sonalization, it is not difficult to see that Proposition 1 on the limit 

distribution and Proposition 2 on the effect of 𝜂 continue to hold for 

any degree of personalization (𝜆 ∈ [0, 1]).25 The next result concerns the 

effect of the parameter 𝜆.

Proposition 4  (Effect of 𝜆 on Engagement and 

Polarization). Assume Eq. (9), 𝜃 = 𝜃, and fix 𝜂 ≥ 0 arbitrarily. 

Then increasing personalization (higher 𝜆) increases user engagement and 

polarization, both when individuals’ highlighting behavior is flat and when it 

is non-flat (𝑝𝐴 as in Eq. 3).

The fact that more personalization increases polarization is straight­

forward. Decreasing 𝜆 makes the rankings of the two groups increasingly 

less correlated, which in turn makes users in each group more likely 

to click on items carrying a signal of the same sign as their own.

25 This is shown in the Appendix. Moreover, simulations of the model for arbi­

trary values of 𝜆 continue to support the linearity assumption of Eq. (9) in the 

model with personalization.

This directly increases the polarization measure 𝑃𝑂𝐿. To see the ef­

fect on engagement, note first that users that are active types only share 

items that are close enough to their own signal (𝑦𝑚 ∈ 𝐻(𝑥𝑛)). As 𝜆 in­

creases and the rankings become less correlated, users are more likely to 

see items that have signals closer to their own more prominently ranked, 

and are in turn also more likely to click on them. Since items that are 

more prominently ranked are more likely to be in the set 𝐻(𝑥𝑛), they 

are also more likely to be highlighted. Overall, whether highlighting be­

havior is flat or non-flat, a higher 𝜆 (more personalization) contributes 

to an increase in 𝐸𝑁𝐺.

One effect that the personalization parameter 𝜆 does not have in our 

model, unlike the highlighting parameter 𝜂, is that it does not signif­

icantly impact misinformation. This is due to the fact that it mainly 

contributes to interchanging clicks made by one group on items with 

signals of the opposite sign with clicks made by individuals from the 

other group, who have signals of the same sign. While this contributes 

to increasing polarization it does not really affect misinformation.

We can now embed the personalization parameter 𝜆 in the 𝑊𝜓
defined in Section 2.3 as follows: 

𝑊𝜓 (𝜂, 𝜆) = 𝜓 ⋅ 𝐸𝑁𝐺(𝜂, 𝜆) − (1 − 𝜓) ⋅𝑀𝐼𝑆(𝜂, 𝜆) ⋅ 𝑃𝑂𝐿(𝜂, 𝜆), (17)

From the analysis of the previous sections, we have that in the non-flat 

case, 𝑊1 is increasing and 𝑊0 is decreasing in 𝜂 and 𝜆, while in the flat 

case, 𝑊1 and 𝑊0 are both increasing in 𝜂, and 𝑊1 is increasing and 𝑊0
is decreasing in 𝜆. Hence we can show:

Proposition 5  (Socially Efficient Rankings). Assume Eq. (9), 𝜃 = 𝜃, 
and 𝜎𝑦 ≤ 𝜎𝑥. If individuals’ highlighting behavior is non-flat (𝑝𝐴 as in Eq. 3), 

then, for small values of 𝜓 , (𝜓 ≈ 0), 𝑊𝜓  is maximized at (𝜂, 𝜆) ≈ (0, 0), 
while for large values of 𝜓 , (𝜓 ≈ 1), it is maximized at (𝜂, 𝜆) ≈ (∞, 1).

If instead individuals’ highlighting behavior is flat (𝑝𝐴 constant), then, for 

small values of 𝜓 , (𝜓 ≈ 0), 𝑊𝜓  is maximized at (𝜂, 𝜆) ≈ (∞, 0), while for 

large values of 𝜓 , (𝜓 ≈ 1), it is maximized at (𝜂, 𝜆) ≈ (∞, 1).

The above proposition generalizes the key result of the paper in 

the presence of personalization. Namely, in the empirically relevant 

case—for political news—of a non-flat propensity to highlight, a clear 

dichotomy arises between the perspective of the platform and that of 

the users with respect to the desirable weight to be assigned to the 

highlights. This resonates with the reports leaked by Facebook’s whistle­

blowers, who underscored the conflicting welfare effects created by the 

platform’s 2018 “Meaningful social interactions” update, which boosted 

the weights given to content sharing and highlighting in the ranking al­

gorithms. Indeed, while this change increased users’ overall engagement 

on Facebook, it appears also to have led to an increase in misinformation 

and polarization, as predicted by Proposition 5 for the non-flat case.26

On the other hand, in the case of non-political news where the 

highlighting probability might be “flat”—that is, uncorrelated with the 

extremism of individuals’ prior beliefs—highlighting can aid in aggre­

gating dispersed private signals and may reduce misinformation. That 

is, if individuals have normally distributed priors but also have a similar 

probability of highlighting content (e.g., objective reviews of a service, 

broadly relatable movie recommendations, or non-politicized health up­

dates), then engagement-driven popularity rankings may help promote 

higher-quality information.27 The intuition relates to the information ag­

gregation mechanism analyzed in Germano and Sobbrio (2020), where 

26 An aspect that may play a role in moderating the platform-optimal level of 

𝜂 is how it impacts advertising through its effect on content, besides the effect 

on engagement. For example, if advertisers were to dislike a too high level of 

misinformation/polarization, this could be reflected in 𝑊𝜓  and, consequently, 

could affect the platform-optimal level of 𝜂. Nevertheless, for 𝜓 > 0, i.e., as long 

as the platform cares about engagement, the level of 𝜂 chosen by the platform 

will be higher than the one minimizing misinformation and/or polarization. For 

theoretical models on the role of advertising in affecting content moderation in 

social media, see Madio and Quinn (2025); Liu et al. (2021); Jiménez Durán 

(2022).
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a digital platform’s popularity-based ranking may function as a tool to 

aggregate dispersed information.

6 . Empirical evidence: meaningful social interactions and 

political polarization

The theoretical predictions of our model discussed in Section 3.3 

suggest that an increase in the weight given by the ranking algorithm 

to the “highlights” (an increase in 𝜂) will result in individuals being 

more exposed to extremist political content and, in turn, in a higher 

level of political polarization. To connect this prediction to observa­

tional data, we exploit Facebook’s “Meaningful Social Interaction” (MSI) 

update implemented in January 2018. As Mark Zuckerberg stated at 

the time, “I’m changing the goal I give our product teams from fo­

cusing on helping you find relevant content to helping you have more 

meaningful social interaction” (TechCrunch, 2018). This marked a major 

algorithmic shift in the platform’s ranking logic—from passive engage­

ment signals such as clicks to more active forms of engagement like 

shares and reactions. Indeed, as explained by Adam Mosseri, then Vice 

President of Facebook’s News Feed: “Some news content that is shared 

and talked about a lot will receive some sort of tailwind from this. And 

news content that is more directly consumed by users—that they don’t 

actually talk about or share—will actually receive less distribution as 

a result” (Vogelstein, 2018). Internal Facebook documents disclosed in 

2021 (“Facebook Papers”) further reveal that ranking was explicitly op­

timized for MSI, with “downstream MSI” (e.g., reshares and reactions) 

providing additional boosts in the platform’s scoring algorithm (The 

Facebook Papers, 2021).28

All in all, this algorithmic update—which internal reports suggest 

was driven by the goal of increasing the platform engagement (Hagey 

and Horwitz, 2021; Hagey, 2021)—significantly increased the platform’s 

emphasis on users’ engagement metrics related to shares and reactions 

(rather than passive engagements such as clicks) in determining con­

tent rankings, effectively raising 𝜂 in our framework.29 Accordingly, our 

theoretical framework suggests that we should observe an increase in 

extremism and political polarization following such a change in the al­

gorithm. In what follows, we provide empirical evidence in support of 

such predictions by leveraging different survey datasets from Italy and 

the US around the time of the change in Facebook’s algorithm.

27 An illustrative case is the early phase of the COVID-19 pandemic, before it 

became heavily politicized. During this period, users often shared practical and 

non-partisan information—such as local infection rates, experiences with symp­

toms or recovery, and preventive behaviors—which helped disseminate accurate 

health-related content through highlighting mechanisms. Similar dynamics can 

be observed in consumer platforms like TripAdvisor or non-political Reddit com­

munities, where upvotes and shares often serve to aggregate dispersed quality 

assessments or helpful recommendations, rather than amplifying polarizing or 

ideologically loaded content.
28 “A user posts content, then it gets shown to a viewer using an algorithm 

(𝑑_𝑠ℎ𝑎𝑟𝑒_𝑚𝑠𝑖_𝑠𝑐𝑜𝑟𝑒), who then reshares the content, which then creates “down­

stream MSI” through likes/reactions, comments, comment likes/reactions, and 

comment replies to and from the viewer’s friends, who then continue to reshare 

the content and so on.” (The Facebook Papers, 2021, p. 2). “The principal way 

MSI works on such public content, however, is via downstream models, partic­

ularly 𝑑_𝑠ℎ𝑎𝑟𝑒_𝑚𝑠𝑖_𝑠𝑐𝑜𝑟𝑒. Because MSI is designed to boost friend interactions, 

it doesn’t value whether you’ll like a piece of content posted by the New York 

Times, Donald Trump, the Wall Street Journal, etc. Instead, the way such con­

tent creators can contribute to MSI is by posting content that you might reshare 

for your friends to engage on or reshare themselves. This is precisely what we 

predict and uprank via 𝑑_𝑠ℎ𝑎𝑟𝑒_𝑚𝑠𝑖_𝑠𝑐𝑜𝑟𝑒” (The Facebook Papers, 2021, p. 7)
29 The MSI update also increased the extent of personalization of rankings as 

it assigned a multiplier between 0.3 and 0.5 to contents/reactions from indirect 

links (e.g., non-friends). As discussed in Section 5.2, our theoretical framework 

suggests that an increase in personalized rankings further contributes to po­

litical polarization. For additional details on the MSI algorithmic update see 

also Horwitz (2023) as well as https://www.documentcloud.org/documents/

21093256/pages/1/?embed=1.

6.1 . Evidence from Italy

We first provide evidence from Italy by exploiting a dataset de­

rived from the Polimetro (i.e., Political meter) surveys conducted by the 

leading Italian public opinion polling company Ipsos. The Polimetro in­

cludes weekly/monthly interviews with a representative sample of the 

Italian voting population (i.e., aged 18 or above).

In particular, for the purpose of our analysis, the survey asks ques­

tions about the main sources of information used by an individual to 

form a political opinion (i.e., newspapers, radio news, TV news, friends, 

internet, etc). It is important to note that around the time of its MSI up­

date, Facebook was by far the leading social network in Italy with 34 

million active users per month and a 60% penetration rate in the over­

all population (corresponding to a penetration rate of almost 80% with 

respect to the population of Italian internet users), compared with the 

33% and 23% penetration rates of Instagram and Twitter, respectively 

(We Are Social, 2018). Hence, while the Ipsos survey does not directly 

ask questions about Facebook use, it is possible to proxy the exposure to 

Facebook content with the use of the internet to form a political opinion.

Furthermore, besides providing information on the socio-

demographic characteristics of the respondents, the Polimetro asks 

questions regarding the ideological position of the respondent on the 

left-right scale and the probability of voting for each party. Accordingly, 

we make use of these questions to construct two main outcome vari­

ables. The first one is a dummy variable taking the value zero if a 

respondent self-identifies with a moderate political position (center, 

center-left or center-right) and one if she instead identifies with a 

more extremist position (left, right, extreme-left, or extreme-right). 

This variable is thus meant to capture a simple measure of political 

extremism. The second one is a measure of affective polarization 

capturing “the extent to which citizens feel sympathy towards partisan 

in-groups and antagonism towards partisan out-groups” (Wagner, 2021, 

p. 1), see Appendix B.4.1 for further details.

6.1.1 . Empirical strategy

We implement a Differences-in-Differences empirical model to assess 

whether the change in the Facebook algorithm implemented in January 

2018 via the introduction of the “Meaningful Social Interaction” weights 

had an impact on self-declared ideological extremism and affective po­

larization. Specifically, we look at such outcomes for people who use 

the internet to form a political opinion and who were interviewed after 

(January–June 2018) vs. before (i.e., June–December 2017) the MSI al­

gorithm was introduced, and then compare it with those of people who 

were not using the internet as one of the main sources to form an opinion 

interviewed after vs. before such a change in the algorithm. Accordingly, 

we estimate the following econometric specification:

Y𝑖,𝑚,𝑡 = 𝛼 + 𝛽1(Opinion via internet𝑖,𝑚,𝑡 × Post MSI)

+ 𝛽2Opinion via internet𝑖,𝑚,𝑡
+ 𝛽3Post MSI + 𝛼𝑚 + X𝑖,𝑡 + 𝜀𝑖,𝑚,𝑡, (18)

where 𝑌𝑖,𝑚,𝑡 represents the outcome of interest relative to individual 𝑖, liv­

ing in municipality 𝑚 interviewed in the survey wave 𝑡 (i.e., probability 

of declaring a non-moderate political ideology or affective polarization). 

𝛽1 is the parameter of interest. 𝛼𝑚 captures municipality fixed effects 

(hence, our effects estimate the impact of the algorithmic change holding 

constant time-invariant geographical characteristics of the place of resi­

dence). 𝑋𝑖,𝑡 represents a vector of socio-demographic control variables, 

including the respondent’s age (and age squared), gender, number of res­

ident family members, level of education, type of occupation, religiosity, 

and interview format (telephone/mobile assisted or computer-assisted). 

We also include the interaction terms between the socio-demographic 

control variables and the post-MSI dummy to account for possible dif­

ferential trends of individual characteristics correlated with the time of 

the algorithmic change. Observations are weighted according to the sam­

pling weights provided by Ipsos, and thus, the results are representative 
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Table 1 

MSI and non-moderate ideological position.

(1) (2) (3) (4)

Non-moderate Non-moderate Non-moderate Non-moderate

Ideology Ideology Ideology Ideology

Opinion via internet × Post MSI 0.058*** 0.050*** 0.048*** 0.046***

(0.017) (0.018) (0.018) (0.017)

Opinion via internet −0.006 −0.001 0.001 −0.001

(0.014) (0.014) (0.014) (0.013)

Post MSI −0.009 0.021

(0.013) (0.208)

Observations 26,558 26,558 26,558 26,558

Mean pre-MSI 0.36 0.36 0.36 0.36

SD pre-MSI 0.48 0.48 0.48 0.48

Municipality FE YES YES YES YES

Individual controls YES YES YES YES

Individual controls interacted with Post MSI NO YES YES YES

Survey-wave FE NO NO YES NO

Region-survey wave FE NO NO NO YES

Note: Time horizon: June 2017–June 2018. All estimates include the following control variables: age, age squared, 

gender, number of resident family members, level of education, type of occupation, religiosity of the respondent 

and interview format (telephone/mobile assisted or computer-assisted). Observations are weighted according to the 

sampling weights provided by Ipsos and thus the results are representative of the Italian voting age population. Robust 

Standard Errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1

of the Italian voting-age population. In more demanding specifications, 

we also include either survey-wave fixed effects or region-by-survey 

wave fixed effects (which account for any unobservable shock at the 

region-survey wave level).

6.1.2 . Results

Table 1 shows our baseline results on the effect of the introduction 

of Facebook’s MSI update on the probability that an individual using 

the internet to form an opinion holds a non-moderate political position. 

Column 1 provides estimates when including municipality-fixed effects 

only, besides individual-level controls. Column 2 provides estimates 

when interacting individual-level controls with a Post MSI dummy, ac­

counting for possible differential trends of individual characteristics 

correlated with the time of the algorithmic change. Column 3 also 

includes survey-wave fixed effects, accounting for possible overall time-

varying patterns in ideological positions. Column 4 includes fixed effects 

at the region-survey wave level, thus accounting for any region-time 

variation in political preferences. The results suggest that in the period 

after the MSI implementation, individuals using the internet to form a 

political opinion had a higher probability of holding a non-moderate ide­

ology. The effect—in the most demanding specification—accounts for a 

1/11 standard deviation increase in such probability.

Fig. 4 presents an event study specification in support of the un­

derlying parallel trend assumption. That is, it reports estimates from a 

specification where we augment the model in Eq. (18) by including up 

to five leads and six lags.30 This event study specification, besides the 

inclusion of leads and lags, reflects the most conservative one presented 

in Column (4) of Table 1. That is, it includes municipality and region-by-

survey wave fixed effects, and the full set of controls interacted with the 

Post MSI dummy. Importantly, Fig. 4 shows that before Facebook’s MSI 

update, using the internet as the main source of information to form a 

political opinion did not have any significant impact on the probability 

of an individual self-identifying with a non-moderate ideological posi­

tion. Instead, after the MSI update the point estimates become positive 

and statistically significant starting from the third month after the up­

date. Fig. 4 thus shows both (a) the absence of pre-trends (hence lending 

empirical support to the parallel trend assumption beyond the diff-in-diff 

model estimated in Eq. (18); and (b) that the impact of the algorithmic 

30 Notice that the lead minus five is not present as the survey was not conducted 

in August 2017.

Fig. 4. Event study (Italy).

change on ideological extremism does not materialize on impact but 

rather arises over the course of the following months after the update.31

We now turn to the analysis of affective polarization. Table 2 presents 

our results.32 The results show a positive, statistically significant, and 

robust effect in the most demanding specifications. That is, in the pe­

riod after the MSI algorithmic update, individuals using the internet 

to form a political opinion had a higher level of affective polariza­

tion. Also, in this case, the effect is sizeable, accounting for around 

0.9 of a standard deviation increase in affective polarization.33 All in 

all, Tables 1 and 2 proMSI and non-moderate ideological positioe key 

31 Fig. B.4 presents an event study encompassing a longer time span before and 

after the MSI update (up to nine months before and nine months after the MSI 

update).
32 The lower number of observations relative to Table 1 is due to the fact that 

the questions used as proxies for sympathy scores for the different parties are 

asked less frequently (i.e., in fewer surveys) with respect to the one on the self-

declared ideological position.
33 Fig. B.5 in the Appendix presents corresponding event study estimates. 

Notice, that the measure of affective polarization hinges upon survey questions 

that were absent from the February and March 2018 survey waves and it was 

present only in a subset of the December 2017 survey waves. Accordingly, the 

Figure reflects only the estimates corresponding to the available data in a given 

month-year.
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Table 2 

MSI and Affective Polarization.

(1) (2) (3) (4)

Affective Affective Affective Affective

Polarization Polarization Polarization Polarization

Opinion via internet × Post MSI 0.049* 0.066** 0.067** 0.067**

(0.030) (0.032) (0.031) (0.030)

Opinion via internet −0.011 −0.018 −0.019 −0.017

(0.023) (0.023) (0.023) (0.021)

Post MSI 0.126*** −0.070

(0.022) (0.347)

Observations 14,837 14,837 14,837 14,837

Mean pre-MSI 1.21 1.21 1.21 1.21

SD pre-MSI 0.57 0.57 0.57 0.57

Municipality FE YES YES YES YES

Individual controls YES YES YES YES

Individual controls interacted with Post MSI NO YES YES YES

Survey-wave FE NO NO YES NO

Region-survey wave FE NO NO NO YES

Note: Time horizon: June 2017–June 2018. All estimates include the following control variables: age, age squared, 

gender, number of resident family members, level of education, type of occupation, religiosity of the respondent 

and interview format (telephone/mobile assisted or computer-assisted). Observations are weighted according to the 

sampling weights provided by Ipsos and thus the results are representative of the Italian voting age population. Robust 

Standard Errors are in parenthesis. *** p<0.01, ** p<0.05, * p<0.1

theoretical predictions of our model: increasing the weight attributed 

by recommender systems to “highlights” leads to an increase in polit­

ical polarization. Importantly, Appendix Tables B.1 and B.2 show that 

the results are robust to excluding observations in the pre-electoral pe­

riod (January–March 2018). Indeed, if anything, when excluding the 

pre-electoral period the estimates are larger in magnitude.

6.2 . Evidence from the US

We now provide evidence from the US by exploiting a dataset from 

the American Trends Panel of the Pew Research Center. The Pew surveys 

are interviews conducted on a representative sample of the US voting 

population.34 In particular, for the purpose of our analysis, there are 

survey waves where individuals are asked questions about the specific 

social media they use. Hence, differently from the Italian survey data, it 

is possible to determine the specific social media used by each individ­

ual. This allows us to have more specific treatment (Facebook users) and 

control (users of other social media) groups. Moreover, similarly to the 

Italian dataset, the survey contains a question on the ideological posi­

tion of the respondent. We then construct a dummy variable taking the 

value zero if a respondent self-identifies with a relatively moderate po­

litical position (liberal, moderate, conservative) and one if she instead 

identifies with a more extremist position (very liberal, very conserva­

tive).35 However, the frequency of questions regarding social media use 

is irregular. As such, we focus on survey waves containing informa­

tion on specific social media use around the time when the Meaningful 

Social Interaction (MSI) algorithm was introduced (2016–2019).36

34 See https://www.pewresearch.org/american-trends-panel-datasets/.
35 The Pew survey waves investigating the use of specific social media (around 

the time of the MSI update) do not contain information on the probability of 

voting for each party across different surveys. Hence, it is not possible to con­

struct a measure of affective polarization. It is also worth noting that the Pew 

dataset contains much less granular geographical information—with respect to 

the Italian Polimetro Dataset—as it reports only the region where the respondent 

lives (Northeast, Midwest, South. West).
36 The surveys containing information on specific social media use before the 

MSI update encompass Wave 14 in January 2016, Wave 19 in July 2016 and 

Wave 28 in August 2017. The surveys after the MSI update containing informa­

tion on specific social media use are Wave 35 in May 2018, Wave 37 in July 

2018, and Wave 51 in July 2019.

We then provide a robustness analysis by restricting to a time period 

closer to the change in the algorithm.

6.2.1 . Empirical strategy

We implement a Differences-in-Differences empirical model to assess 

whether the change in the Facebook algorithm implemented in January 

2018 via the introduction of the “Meaningful Social Interaction” weights 

had a causal impact on self-declared ideological extremism. Specifically, 

we compare the responses of Facebook users before the Meaningful 

Social Interaction (MSI) algorithm was introduced and then compare 

them with the responses of Facebook users after the MSI update and, at 

the same time, compare them with the responses of users of other so­

cial media platforms before vs. after the MSI update. Accordingly, we 

estimate the following econometric specification:

Y𝑖,𝑡 = 𝛼 + 𝛽1(Facebook User𝑖,𝑚,𝑡 × Post MSI)

+ 𝛽2Facebook User𝑖,𝑚,𝑡 + 𝛽3Post MSI + X𝑖,𝑡 + 𝜀𝑖,𝑡, (19)

where 𝑌𝑖,𝑡 represents the outcome of interest relative to individual 

𝑖, interviewed in the survey wave 𝑡 (i.e., probability of declaring a 

non-moderate political ideology). 𝛽1 is the parameter of interest. 𝑋𝑖,𝑡
represents a vector of socio-demographic control variables available in 

the Pew surveys, namely marital status, income segment, age category, 

gender, education level, ethnicity, religion, and attendance at religious 

services. We also include the interaction terms between the socio-

demographic control variables and the post-MSI dummy to account for 

possible differential trends of individual characteristics correlated with 

the time of the algorithmic change. In more demanding specifications, 

we also include either survey-wave fixed effects (i.e., time FE) or region-

survey wave fixed effects (which account for any unobservable shock at 

the region-time level). Observations are weighted according to the sam­

pling weights provided by the Pew Research Center, and thus, the results 

are representative of the US voting population.

6.2.2 . Results

The estimates point to a positive impact of the Facebook MSI update 

on the probability of Facebook users self-identifying as non-moderate, 

in the order of around 1/6 of a standard deviation. As the PEW surveys 

containing information on social media use have an irregular fre­

quency, providing evidence for the parallel trend assumption behind the
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Table 3 

MSI and non-moderate ideological position - Evidence from the US.

(1) (2) (3) (4)

Non-moderate Non-moderate Non-moderate Non-moderate

Ideology Ideology Ideology Ideology

Facebook User × Post MSI 0.0511** 0.0436+ 0.0729** 0.0724**

(0.026) (0.027) (0.034) (0.034)

Facebook User −0.0222+ −0.0203 −0.0507** −0.0503**

(0.015) (0.015) (0.026) (0.026)

Post MSI 0.0007 −0.0625

(0.015) (0.065)

Observations 11,234 11,234 11,234 11,234

Mean pre-MSI 0.19 0.19 0.19 0.19

SD pre-MSI 0.39 0.39 0.39 0.39

Individual controls YES YES YES YES

Individual controls interacted with Post MSI NO YES YES YES

Survey wave FE NO NO YES NO

Region-survey Wave FE NO NO NO YES

Note: Time horizon: January 2016, July 2016, August 2017, May 2018, July 2018, July 2019. All estimates include 

the following control variables: marital status, income segment, age category, gender, education level, ethnicity, 

religion, attendance at religious services, and language of the interview. Observations are weighted according to the 

sampling weights provided by the Pew American Trends Panel, and thus, the results are representative of the US 

voting-age population. Robust Standard Errors in parenthesis. *** p<0.01, ** p<0.05, * p<0.1, + p<0.15

diff-in-diff specification is not straightforward.37 Nevertheless, Fig. B.6 

in the Appendix presents an event study suggesting that no significant 

pre-trends were present prior to the 2018 MSI update. Moreover, as a 

robustness, Appendix Tables B.3–B.5 present estimates when focusing 

on different time periods around the change in the Facebook algorithm.

7 . Conclusion

This paper develops a model that describes how social media rec­

ommendation algorithms impact individuals’ choices regarding news 

content. In the theoretical framework, individuals seek information 

about a continuous state of the world and choose among news items 

recommended by the platform. The algorithm uses different types of 

engagement measures (clicking and highlighting in the model) to de­

termine the ranking and hence the visibility of the content. Individuals 

exhibit empirically grounded behavioral traits, including confirmation 

bias and attention bias in favor of higher ranked objects (when click­

ing), and a propensity for engaging that is higher for more extreme 

types (when highlighting). Our analysis formalizes a central trade-off: 

Increasing the algorithmic weight on highlights increases user engage­

ment, but it also amplifies political polarization and misinformation, 

implying a mechanism of crowding out the truth. It further shows that 

a distortion in terms of how individuals perceive each other on the 

platform may also arise (Bail, 2021; Yang et al., 2016). To demon­

strate these points, we characterize the dynamic feedback loop between 

clicking, highlighting, and ranking. We show that the platform-optimal 

choice of algorithmic weight on highlights is generally too high, as it 

over-prioritizes engagement at the expense of information quality. We 

propose a simple policy instrument—a per-unit tax on highlights—that 

can correct the misalignment. By introducing a marginal cost on those 

types of highlights that reinforce polarization and misinformation, the 

engagement tax induces platforms to internalize the social costs of their 

algorithmic parameter choices. We also extend the model to include per­

sonalization in rankings and show that, while it increases engagement, 

it further exacerbates polarization with no effect on misinformation.

Although the model is intentionally stylized to allow for analyti­

cal tractability and clear-cut comparative statics, the core theoretical

37 The surveys containing information on specific social media use before the 

MSI update encompass Wave 19 in July 2016 and Wave 28 in August 2017. The 

surveys after the MSI update, containing information on specific social media 

use, are Wave 35 in May 2018 and Wave 37 in July 2018.

insights are not mechanical consequences of the assumptions. The result 

that behavioral traits such as confirmation bias and asymmetric high­

lighting propensities lead to systematic crowding out of the truth and 

amplification of polarization arises from the dynamic feedback between 

user engagement and algorithmic ranking. Crucially, this effect emerges 

even though the algorithm does not explicitly target ideological content 

or personalize the ranking of content (in the baseline model). The distor­

tions stem from the interaction between behavioral heterogeneity—in 

both prior beliefs and engagement behavior—and the platform’s al­

gorithm design. As such, the results do not follow directly from any 

single assumption, but rather from their joint effect in the limit under 

endogenous ranking. Taken together, the findings illustrate how rela­

tively innocuous and empirically grounded micro-level behaviors, when 

combined with engagement-driven algorithms, can lead to wide-spread, 

persistent and socially consequential aggregate distortions.

In terms of empirical evidence, we exploit survey data from Italy 

and the United States to show that Facebook’s 2018 “Meaningful Social 

Interactions” algorithmic update—effectively an increase in algorithmic 

weight on highlights—was associated with significant increases in ideo­

logical extremism and affective polarization. These findings lend support 

to the model’s predictions and underscore the broader societal impli­

cations of engagement-driven design. Importantly, the insights of the 

model are very much consistent with the recent empirical literature 

looking at the link between social media, misinformation and polariza­

tion (Levy, 2021; González-Bailón et al., 2023; Guess et al., 2023a,b;

Braghieri et al., 2025).

Overall, the results suggest that digital platform design entails a 

fundamental tension between maximizing engagement and preserv­

ing a healthy information environment. As recommendation systems 

continue to shape political discourse and civic life, aligning platform 

incentives with societal welfare remains a first-order policy chal­

lenge. Microfounding user preferences over content consumption—e.g., 

incorporating heterogeneity in taste for like-minded content—could be 

a valuable extension. Our framework abstracts from this for tractability 

but highlights the importance of differentiating between private utility 

from engagement and its broader social implications.

We conclude by acknowledging that the model does not embed 

important features of social media such as endogenous networks or fact-

checking. Complementary research (Acemoglu et al., 2024, 2025) points 

out that these additional features may further reinforce the trade-off be­

tween platform engagement and social welfare outlined here. All in all, 

the insights from this line of research provide a “theory of harm”. As 
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such, it challenges claims by social media representatives on the neutral­

ity of algorithms (Clegg, 2021) and, vice versa, it indirectly endorses the 

recent attempt by the European Union to regulate digital platforms.38 At 

the same time, our results suggest that there is no need for cumbersome 

public policy interventions such as a ban on highlights, dictating algo­

rithmic structure, or directly measuring the misinformation contained 

in social media platforms. A simple “engagement tax” on highlights can 

reduce the harm created by platforms when maximizing engagement by 

inducing them to internalize the costs it imposes on users.

Future research combining endogenous dynamic algorithmic ranking 

and endogenous belief and network formation may provide additional 

insights to guide public regulators and social media platforms in their ef­

forts to reduce the negative impact of ranking dynamics on social media 

users and on democratic society at large.
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Appendix A . Proofs

Derivation of Eq. (8). Consider the following expression for the ex­

pected mass of highlights on an item 𝑚 with signal 𝑦𝑚 in a period 𝑡
(though we omit subscripts 𝑡 to simplify notation):

𝜋(𝑦𝑚) =

∫
∑

𝑘∈{𝐶,𝐸,𝐼} 𝑝𝑘 ⋅ 𝜑𝑛,𝑚(𝑘) ⋅
(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥𝑛) ⋅ 1{𝑥𝑛∈𝐻(𝑦𝑚)}

)

𝑓 (𝑥)𝑑𝑥
∑

𝑚′∈𝑀 ∫
∑

𝑘∈{𝐶,𝐸,𝐼} 𝑝𝑘 ⋅ 𝜑𝑛,𝑚′ (𝑘) ⋅
(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥𝑛) ⋅ 1{𝑥𝑛∈𝐻(𝑦𝑚′ )}

)

𝑓 (𝑥)𝑑𝑥
.

Consider first the nominator (𝑁𝑂𝑀):

𝑁𝑂𝑀 = ∫𝑥

∑

𝑘
𝑝𝑘 ⋅ 𝜑𝑛,𝑚(𝑘) ⋅

(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥𝑛) ⋅ 1{𝑥𝑛∈𝐻(𝑦𝑚)}

)

𝑓 (𝑥)𝑑𝑥

= ∫𝑥

∑

𝑘
𝑝𝑘

(

𝛾𝑘
[𝑚]

⋅ 1{sgn(𝑥)=sgn(𝑦𝑚′ )
} +

1 − 𝛾𝑘
[𝑚]

⋅ 1{sgn(𝑥)≠sgn(𝑦𝑚′ )
}

)

(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥) ⋅ 1{𝑥∈𝐻(𝑦𝑚′ )}

)

𝑓 (𝑥)𝑑𝑥

(1)
= 1

[𝑚] ∫𝑥
𝛾(𝑥, 𝑦𝑚)

(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥) ⋅ 1{𝑥∈𝐻(𝑦𝑚′ )}

)

𝑓 (𝑥)𝑑𝑥

= 1
2[𝑚]

(

1 + 𝜂 ⋅ 𝜇𝐻 (𝑦𝑚)
)

,

where (1) follows from the definition of 𝛾(𝑥, 𝑦) right after Eq. (4). 

Consequently, for the denominator (𝐷𝐸𝑁𝑂𝑀), we can then write 

(again omitting subscripts 𝑡 to simplify notation):

𝐷𝐸𝑁𝑂𝑀 =
∑

𝑚′∈𝑀
∫𝑥

∑

𝑘
𝑝𝑘 ⋅ 𝜑𝑛,𝑚′ (𝑘) ⋅

(

1 + 𝜂 ⋅ 𝑝𝐴(𝑥𝑛) ⋅ 1{𝑥𝑛∈𝐻(𝑦𝑚′ )}

)

𝑓 (𝑥)𝑑𝑥

=
∑

𝑚′∈𝑀

1
2[𝑚′]

(

1 + 𝜂 ⋅ 𝜇𝐻 (𝑦𝑚′ )
)

.

For 𝑀  large, we have that with high probability [𝑚′] ≈ 𝑀∕2 and 
∑

𝑚′ 𝜇𝐻 (𝑦𝑚′ ) ≈ 𝜇̄𝐻 , and hence we can write (still omitting subscripts 

𝑡 to simplify notation):

𝑁𝑂𝑀 ≈ 1
𝑀

(

1 + 𝜂 ⋅ 𝜇𝐻 (𝑦𝑚)
)

𝐷𝐸𝑁𝑂𝑀 ≈ (𝑀 − 1) 1
𝑀

(

1 + 𝜂 ⋅ 𝜇̄𝐻
)

+ 1
𝑀

(

1 + 𝜂 ⋅ 𝜇𝐻 (𝑦𝑚)
)

= 1
𝑀

(

𝑀 + 𝜂 ⋅ (𝑀 − 1) ⋅ 𝜇̄𝐻 + 𝜂 ⋅ 𝜇𝐻 (𝑦𝑚)
)

.

38 See https://digital-strategy.ec.europa.eu/en/policies/digital-services-act-

package.

Fixing 𝑦 = 𝑦𝑚𝑡 ∈ R, letting 𝑁𝑂𝑀𝑡 and 𝐷𝐸𝑁𝑂𝑀𝑡 denote the nominator 

and denominator respectively in period 𝑡, taking the sums over 𝑇  periods 

for 𝑇 → ∞ yields:

𝜋(𝑦) = lim
𝑡→∞

1
𝑇

𝑇
∑

𝑡=1

𝑁𝑂𝑀𝑡
𝐷𝐸𝑁𝑂𝑀𝑡

=
1 + 𝜂 ⋅ 𝜇𝐻 (𝑦)

𝑀(1 + 𝜂 ⋅ 𝜇̄𝐻 ) + 𝜂 ⋅ (𝜇𝐻 (𝑦) − 𝜇̄𝐻 )

This readily implies the formula of Eq. (8). □
Proof of Proposition 1. Fix item 𝑚 with signal 𝑦𝑚. Then from Eqs. (2) 

and (7), we have that, in expectation over (𝑥𝑛, 𝑘) at 𝑛− 1, clicks on item 

𝑚 get updated according to:

E[𝜅𝑛,𝑚(𝑘)] = 𝜅𝑛−1,𝑚 + E
⎡

⎢

⎢

⎢

⎣

𝛽
𝑀−𝑟𝑛,𝑚

𝑀 𝜑𝑛,𝑚(𝑘)

∑

𝑚′∈𝑀 𝛽
𝑀−𝑟𝑛,𝑚′

𝑀 𝜑𝑛,𝑚′ (𝑘)

⎤

⎥

⎥

⎥

⎦

.

By symmetry of the clicking types around 𝜃 = 𝜃, the expectations of the 
ranking free propensities to click satisfy E[𝜑𝑛,𝑚′ (𝑘)] = 1∕(2[𝑚′]), for any 
𝑚′ ∈ 𝑀 , where [𝑚′] = [𝑚] if sgn(𝑦𝑚′ ) = sgn(𝑦𝑚) and [𝑚′] = 𝑀 − [𝑚]
if sgn(𝑦𝑚′ ) ≠ sgn(𝑦𝑚). Hence for the expected increase in clicks we can 
write:

E[𝜅𝑛,𝑚(𝑘)] − 𝜅𝑛−1,𝑚

=
𝛽
𝑀−𝑟𝑛,𝑚

𝑀 ∕(2[𝑚])
∑

𝑚′∈𝑀
sgn(𝑦𝑚′ )=sgn(𝑦𝑚 )𝛽

𝑀−𝑟𝑛,𝑚′
𝑀 ∕(2[𝑚]) +

∑

𝑚′∈𝑀
sgn(𝑦𝑚′ )≠sgn(𝑦𝑚 )𝛽

𝑀−𝑟𝑛,𝑚′
𝑀 ∕(2(𝑀 − [𝑚]))

=
𝛽
𝑀−𝑟𝑛,𝑚

𝑀

∑

𝑚′∈𝑀
sgn(𝑦𝑚′ )=sgn(𝑦𝑚 )𝛽

𝑀−𝑟𝑛,𝑚′
𝑀 + [𝑚]

𝑀−[𝑚]

∑

𝑚′∈𝑀
sgn(𝑦𝑚′ )≠sgn(𝑦𝑚 )𝛽

𝑀−𝑟𝑛,𝑚′
𝑀

(1)
≈

1 + (𝛽 − 1)𝑀−𝑟𝑛,𝑚
𝑀

∑

𝑚′∈𝑀
sgn(𝑦𝑚′ )=sgn(𝑦𝑚 )

(

1 + (𝛽 − 1)
𝑀−𝑟𝑛,𝑚′

𝑀

)

+ [𝑚]
𝑀−[𝑚]

∑

𝑚′∈𝑀
sgn(𝑦𝑚′ )≠sgn(𝑦𝑚)

(

1 + (𝛽 − 1)
𝑀−𝑟𝑛,𝑚′

𝑀

)
,

where (1) follows from taking the binomial approximation, since 0 <
𝛽 − 1 < 1 and 𝑀−𝑚′

𝑀 < 1. The above process is repeated 𝑇  times for 𝑇
arbitrarily large, each time for an arbitrarily large number of individuals 

𝑁𝑡 = 𝑁 , and we are interested in the limiting averages over the 𝑇  peri­

ods. Therefore, indexing by 𝑡 the variables of the corresponding period 

𝑡, and letting

𝜅(𝑦) = lim
𝑇→∞

1
𝑇

𝑇
∑

𝑡=1
lim
𝑁𝑡→∞

1
𝑁𝑡

E𝑁𝑡
[

𝜅𝑁𝑡 ,𝑚𝑡 (𝑘) |∃𝑚𝑡 ∈𝑀,𝑦𝑚𝑡 = 𝑦
]

denote the limiting average share of clicks of items 𝑚𝑡 ∈ 𝑀  with signal 
𝑦𝑚𝑡 = 𝑦, we can write, given that (𝑇 ) repetitions are identically and 

independently distributed:

𝜅(𝑦) = E𝑡

⎡

⎢

⎢

⎢

⎢

⎢

⎣

lim
𝑁𝑡→∞

1
𝑁𝑡

𝑁𝑡
∑

𝑛𝑡=1

𝑀 + (𝛽 − 1)(𝑀 − 𝑟𝑛𝑡 ,𝑚𝑡 )
∑

𝑚′𝑡∈𝑀
sgn(𝑦𝑚′𝑡

)=sgn(𝑦𝑚𝑡 )

(

𝑀 + (𝛽 − 1)(𝑀 − 𝑟𝑛𝑡 ,𝑚′𝑡
)
)

+ [𝑚𝑡 ]
𝑀−[𝑚𝑡 ]

∑

𝑚′𝑡∈𝑀
sgn(𝑦𝑚′𝑡

)≠sgn(𝑦𝑚𝑡 )

(

𝑀 + (𝛽 − 1)(𝑀 − 𝑟𝑛𝑡 ,𝑚′𝑡
)
)

⎤

⎥

⎥

⎥

⎥

⎥

⎦

(1)
≈ E𝑡

⎡

⎢

⎢

⎢

⎢

⎣

lim
𝑁𝑡→∞

1
𝑁𝑡

𝑁𝑡
∑

𝑛𝑡=1

𝑀 + (𝛽 − 1)(𝑀 − 𝑟𝑛𝑡 ,𝑚𝑡 )

∑

𝑚′𝑡∈𝑀

(

𝑀 + (𝛽 − 1)(𝑀 − 𝑟𝑛𝑡 ,𝑚′𝑡
)
)

⎤

⎥

⎥

⎥

⎥

⎦

= E𝑡
⎡

⎢

⎢

⎣

lim
𝑁𝑡→∞

1
𝑁𝑡

𝑁𝑡
∑

𝑛𝑡=1

𝑀 + (𝛽 − 1)(𝑀 − 𝑟𝑛𝑡 ,𝑚𝑡 )
∑𝑀

𝓁=1 (𝑀 + (𝛽 − 1)(𝑀 − 𝓁))

⎤

⎥

⎥

⎦
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(2)
=

E𝑡
[

𝑀 + (𝛽 − 1)(𝑀 − lim𝑁𝑡→∞
1
𝑁𝑡

∑𝑁𝑡
𝑛𝑡=1

𝑟𝑛𝑡 ,𝑚𝑡 )
]

𝑀2 + (𝛽 − 1)𝑀(𝑀 − 1)∕2

(3)
=
𝑀 + (𝛽 − 1)(𝑀 − E𝑡[𝑟𝑡(𝑦)])
𝑀2 + (𝛽 − 1)𝑀(𝑀 − 1)∕2

(4)
≈
𝑀 + (𝛽 − 1)(𝑀 − 𝜁0 + 𝜁1 ⋅ 𝜋(𝑦))
𝑀2 + (𝛽 − 1)𝑀(𝑀 − 1)∕2

.

where (1) follows from P[sgn(𝑦𝑚′ ) = sgn(𝑦𝑚)] = P[sgn(𝑦𝑚′ ) = sgn(𝑦𝑚)] =
1∕2 so that [𝑚𝑡] ≈ 𝑀∕2 and 

[𝑚𝑡]
𝑀−[𝑚𝑡]

≈ 1 with high probability for 𝑀
large, (2) follows from the linearity of the expectation, (3) follows from 

replacing 𝑟𝑡(𝑦) for lim𝑁𝑡→∞
1
𝑁𝑡

∑𝑁𝑡
𝑛𝑡=1

𝑟𝑛𝑡 ,𝑚𝑡 , and (4) follows from applying 

Eq. (9) to the expected rank 𝑟(𝑦) = E𝑡[𝑟𝑡(𝑦)].
Now, to derive what we refer to as the limit clicking and highlighting 

distributions (𝐶𝐿 and 𝐻𝐿),39 divide the real line into an infinite number 

of bins of equal size, say 𝜈 > 0, one of which contains 𝑦 (say it’s the 

bin [𝑦, 𝑦 + 𝜈)). Then given 𝑦 and given 𝜈, and letting 𝐺(⋅) denote the 

cumulative distribution of 𝑔(⋅), the probability that a draw has exactly 

one item in the bin containing 𝑦 is given by:

(𝐺(𝑦 + 𝜈) − 𝐺(𝑦))(1 − (𝐺(𝑦 + 𝜈) − 𝐺(𝑦)))𝑀−1,

and the density of that happening, as the bins become arbitrarily small, 

is given by:

lim
𝜈→0

1
𝜈
(𝐺(𝑦 + 𝜈) − 𝐺(𝑦))(1 − (𝐺(𝑦 + 𝜈) − 𝐺(𝑦)))𝑀−1 = 𝑔(𝑦).

Similarly, the expected value of the share of clicks in the given bin 

is approximated by 𝜅(𝑦). This readily implies as the limit clicking 

distribution: 

𝐶𝐿(𝑦) ≈ 𝜅(𝑦) ⋅ 𝑔(𝑦) = Λ𝛽 (𝜋(𝑦)) ⋅ 𝑔(𝑦), (A.1)

where, for 𝑧 ≥ 0 we define: 

Λ𝛽 (𝑧) =
𝑀 + (𝛽 − 1)(𝑀 − 𝜁0 + 𝜁1 ⋅ 𝑧)
𝑀 (𝑀 + (𝛽 − 1)(𝑀 − 1)∕2)

, (A.2)

so that Λ′
𝛽 (𝑧) is a constant and Λ′

𝛽 (𝑧) ≡ Λ′
𝛽 = 𝜁1⋅(𝛽−1)

𝑀(𝑀+(𝛽−1)(𝑀−1)∕2) > 0 since 

𝛽 > 1, 𝜁1 > 0.

With this we can write the limit highlighting distribution as: 

𝐻𝐿(𝑦) = 𝜇𝐻 (𝑦) ⋅ 𝐶𝐿(𝑦), (A.3)

which is not normalized and hence does not integrate to 1. □

Proof of Proposition 2. Set 𝜃 = 𝜃 = 0 and fix 𝛽 > 1. Consider a large 

number (or unit mass) of individuals who are selected uniformly and 

independently as having entered, clicked on, and possibly highlighted 

an item in one of the 𝑇  runs. Then the expectation of what signal the 

sampled individuals clicked on and possibly highlighted is captured pre­

cisely by the limit clicking and highlighting distributions. To simplify the 

notation, we drop the subscript 𝛽 from the function Λ𝛽  and write just Λ. 

Given Eq. (9), we can apply Proposition 1 and write engagement (𝐸𝑁𝐺), 

polarization (𝑃𝑂𝐿) and misinformation (𝑀𝐼𝑆), respectively as:

𝐸𝑁𝐺 = ∫ (𝐶𝐿(𝑦) +𝐻𝐿(𝑦)) 𝑑𝑦 = ∫
(

1 + 𝜇𝐻 (𝑦)
)

𝐶𝐿(𝑦)𝑑𝑦

= ∫
(

1 + 𝜇𝐻 (𝑦)
)

Λ(𝜋(𝑦))𝑓 (𝑦)𝑑𝑦

𝑀𝐼𝑆 = ∫ |𝑦 − 0|𝐶𝐿(𝑦)𝑑𝑦 = ∫ |𝑦|Λ(𝜋(𝑦))𝑓 (𝑦)𝑑𝑦

39 As mentioned in Section 3.2, we emphasize that 𝐶𝐿 and 𝐻𝐿 are not strictly 

speaking distributions, but rather, once integrated over all 𝑦 ∈ R, yield our 

measures of expected engagement etc.; see the next proof of Proposition 2.

𝑃𝑂𝐿 = ∫
|

|

|

𝑦𝐶𝐿𝑅(𝑦) − 𝑦𝐶𝐿𝐿(𝑦)||
|

𝑑𝑦 = ∫
|

|

|

𝑦Λ𝑅(𝜋(𝑦)) − 𝑦Λ𝐿(𝜋(𝑦))||
|

𝑓 (𝑦)𝑑𝑦,

where for 𝑔 ∈ {𝐿,𝑅}, 𝐶𝐿𝑔  is the limit clicking distribution of individuals 

from group 𝑔 and can be written as40:

𝐶𝐿𝑔(𝑦) = Λ𝑔(𝜋(𝑦))𝑔(𝑦),

where Λ𝑔(𝜋(𝑦)) is now the expected probability an item with signal 𝑦𝑚 =
𝑦 will be clicked on by an individual in group 𝑔. Note that, while clicking 

and highlighting by a given group is heavily dependent on the sign of 

the signal of the item, (that is, whether 𝑚 ∈ 𝑀+ or 𝑚 ∈ 𝑀−), both 

groups share the same ranking which depends on the total clicking and 

highlighting propensities of the two groups (𝜋(𝑦)).
From this we can compute the effect of a change in 𝜂 on the three 

variables. It suffices to compute:

𝜕𝐸𝑁𝐺
𝜕𝜂

= 𝜕
𝜕𝜂 ∫

(

1 + 𝜇𝐻 (𝑦)
)

Λ(𝜋(𝑦))𝑔(𝑦)𝑑𝑦

= ∫
𝜕(1 + 𝜇𝐻 (𝑦))

𝜕𝜂
Λ(𝜋(𝑦))𝑔(𝑦)𝑑𝑦 + ∫

(

1 + 𝜇𝐻 (𝑦)
) 𝜕Λ(𝜋(𝑦))

𝜕𝜂
𝑔(𝑦)𝑑𝑦

(1)
= ∫

(

1 + 𝜇𝐻 (𝑦)
)

Λ′ 𝜕𝜋(𝑦)
𝜕𝜂

𝑔(𝑦)𝑑𝑦

(2)
= ∫

(

1 + 𝜇𝐻 (𝑦)
)

Λ′ (𝑀 − 1)(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )
(

𝑀(1 + 𝜂𝜇̄𝐻 ) + 𝜂(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )
)2
𝑔(𝑦)𝑑𝑦

(3)
> 0,

where (1) follows because 
𝜕𝜇𝐻 (𝑦)
𝜕𝜂 = 0 and 

𝜕𝑔(𝑦)
𝜕𝜂 = 0, (2) follows from 

Eq. (8), and (3) follows since Λ′(𝜋(𝑦)) = Λ′ > 0 and 𝜇𝐻 (𝑦) ≥ 0 for all 𝑦, 
and since

∫ (1 + 𝜇𝐻 (𝑦))(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )𝑔(𝑦)𝑑𝑦

= ∫ (1 + 𝜇𝐻 (𝑦))((1 + 𝜇𝐻 (𝑦)) − (1 + 𝜇̄𝐻 ))𝑔(𝑦)𝑑𝑦

= ∫ (1 + 𝜇𝐻 (𝑦))2 − (1 + 𝜇𝐻 (𝑦))(1 + 𝜇̄𝐻 ))𝑔(𝑦)𝑑𝑦

= ∫ (1 + 𝜇𝐻 (𝑦))2𝑔(𝑦)𝑑𝑦 − ∫ (1 + 𝜇𝐻 (𝑦))(1 + 𝜇̄𝐻 ))𝑔(𝑦)𝑑𝑦

(1)
= ∫ (1 + 𝜇𝐻 (𝑦))2𝑔(𝑦)𝑑𝑦 − (1 + 𝜇̄𝐻 )2 = E

[

(1 + 𝜇𝐻 (𝑦))2
]

− E[1 + 𝜇𝐻 (𝑦)]2

(2)
> 0,

where (1) follows since E[1 + 𝜇𝐻 (𝑦)] = 1 + 𝜇̄𝐻  and (2) follows 

from Jensen’s inequality, which holds as a strict inequality, since 

𝑧2 is strictly convex in 𝑧, and 𝜇𝐻 (𝑦) > 𝜇̄𝐻  on a strictly positive 

mass of signals 𝑦 so that 𝜇𝐻 (𝑦) is not constant. This readily im­

plies ∫ (1+𝜇𝐻 (𝑦))(𝜇𝐻 (𝑦)−𝜇̄𝐻 )
(

𝑀(1+𝜇̄𝐻 )+𝜂(𝜇𝐻 (𝑦)−𝜇̄𝐻 )
)2 𝑔(𝑦)𝑑𝑦 > 0 and that the whole expression 

𝜕𝐸𝑁𝐺
𝜕𝜂 > 0. Similarly:

𝜕𝑀𝐼𝑆
𝜕𝜂

= 𝜕
𝜕𝜂 ∫ |𝑦|Λ(𝜋(𝑦))𝑔(𝑦)𝑑𝑦 = ∫ |𝑦|

𝜕Λ(𝜋(𝑦))
𝜕𝜂

𝑔(𝑦)𝑑𝑦

= ∫ |𝑦|Λ′ (𝑀 − 1)(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )
(

𝑀(1 + 𝜂𝜇̄𝐻 ) + 𝜂(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )
)2
𝑔(𝑦)𝑑𝑦

(1)
> 0,

where (1) follows because Λ′ > 0 and 𝜇𝐻 (𝑦) ≥ 0, and |𝑦|𝜇𝐻 (𝑦) > |𝑦|𝜇̄𝐻
on a large enough mass of signals 𝑦, given 𝜎2𝑦 ≤ 𝜎2𝑥, ensuring that 

∫ |𝑦|(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )𝑔(𝑦)𝑑𝑦 > 0.

40 The superscript 𝑔 indicating the group of individuals is not to be confused 

with 𝑔(𝑦), which is the distribution of the items, which in the main text is written 

as 𝑓 (𝑦; 𝜎2𝑦 ) and in the proofs simply as 𝑔(𝑦).
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Finally, to compute the effect on polarization, we need to keep track 

of clicking in the two groups. While there is a unique ranking (since 𝜆 =
1), individuals in the different groups nonetheless behave differently.

𝜕𝑃𝑂𝐿
𝜕𝜂

= 𝜕
𝜕𝜂

|

|

|

|

∫ 𝑦 ⋅ Λ𝑅(𝜋(𝑦)) − 𝑦Λ𝐿(𝜋(𝑦))𝑔(𝑦)𝑑𝑦
|

|

|

|

= 𝜕
𝜕𝜂

|

|

|

|

∫ 𝑦
(

Λ𝑅(𝜋(𝑦)) − Λ𝐿(𝜋(𝑦))
)

𝑔(𝑦)𝑑𝑦
|

|

|

|

(1)
= 𝜕

𝜕𝜂

(

∫𝑦≤0
(−𝑦)

(

Λ𝐿(𝜋(𝑦)) − Λ𝑅(𝜋(𝑦))
)

𝑔(𝑦)𝑑𝑦

+ ∫𝑦>0
𝑦(Λ𝑅(𝜋(𝑦)) − Λ𝐿(𝜋(𝑦)))𝑔(𝑦)𝑑𝑦

)

(2)
= 𝜕

𝜕𝜂

(

2∫𝑦>0
𝑦
(

Λ𝑅(𝜋(𝑦)) − Λ𝐿(𝜋(𝑦))
)

𝑔(𝑦)𝑑𝑦
)

= 2∫𝑦>0
𝑦
(

𝜕Λ𝑅(𝜋(𝑦))
𝜕𝜂

−
𝜕Λ𝐿(𝜋(𝑦))

𝜕𝜂

)

𝑔(𝑦)𝑑𝑦

(3)
= 2∫𝑦>0

𝑦
(

Λ𝑅+
′𝜋(𝑦)

𝜕𝜋(𝑦)
𝜕𝜂

− Λ𝐿+
′𝜋(𝑦)

𝜕𝜋(𝑦)
𝜕𝜂

)

𝑔(𝑦)𝑑𝑦

= 2∫𝑦>0
𝑦
(

Λ𝑅+
′ − Λ𝐿+

′)𝜋(𝑦)
𝜕𝜋(𝑦)
𝜕𝜂

𝑔(𝑦)𝑑𝑦

= 2∫𝑦>0
𝑦
(

Λ𝑅+
′ − Λ𝐿+

′) (1 + 𝜂𝜇𝐻 (𝑦))

(𝑀 − 1)(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )
(

𝑀(1 + 𝜂𝜇̄𝐻 ) + 𝜂(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )
)3
𝑔(𝑦)𝑑𝑦

(4)
> 0,

where (1) follows because on R− we have Λ𝐿(𝜋(𝑦)) > Λ𝑅(𝜋(𝑦)), and 

on R+ we have Λ𝑅(𝜋(𝑦)) > Λ𝐿(𝜋(𝑦)), (2) follows by the symmetry of the 

limit clicking distribution, (3) follows since Λ𝑅,Λ𝐿 are linear and hence, 

for 𝑦 on R+, Λ𝑅′(𝑦) ≡ Λ𝑅+
′
 and Λ𝐿′(𝑦) ≡ Λ𝐿+

′
 are positive constants with 

Λ𝑅+
′ > Λ𝐿+

′
, and finally (4) follows for the same reasons as with the 

previous case of 𝐸𝑁𝐺 using Jensen’s inequality and since Λ𝑅+
′ > Λ𝐿+

′

on R+, ensuring ∫𝑦>0(1 + 𝜂𝜇𝐻 (𝑦))(𝜇𝐻 (𝑦) − 𝜇̄𝐻 )𝑔(𝑦)𝑑𝑦 > 0. Also, note that 

𝑀(1 + 𝜇̄𝐻 ) + 𝜂(𝜇𝐻 (𝑦) − 𝜇̄𝐻 ) =𝑀 + 𝜂𝜇𝐻 (𝑦) + (𝑀 − 1)𝜂𝜇̄𝐻 > 0. □

Proof of Proposition 4. Set again 𝜃 = 𝜃 = 0 and fix 𝛽 > 1, and write Λ
for the function Λ𝛽 , thus dropping the subscript 𝛽. Applying Eq. (9) to 

the personalized algorithm Eq. (14), we obtain for the expected rank: 

𝑟𝑔(𝑦) ≈ 𝜁0 − 𝜁1 ⋅
𝜋𝑔𝑔 (𝑦𝑚) + (1 − 𝜆)𝜋¬𝑔𝑔 (𝑦𝑚)

2 − 𝜆
, 𝑔 ∈ {𝐿,𝑅}, (A.4)

where 𝜁0, 𝜁1 > 0 are constants and ¬𝑔 denotes the group in {𝐿,𝑅} other 

than 𝑔. Here the expressions 𝜋𝑔𝑔 (𝑦) and 𝜋¬𝑔𝑔 (𝑦) denote respectively the 

popularity from individuals in 𝑔 and in ¬𝑔 in the ranking seen by group 

𝑔41:

𝜋𝑔𝑔 (𝑦)

=
1 + 𝜂 ⋅ 𝜇𝑔𝐻 (𝑦)

𝑀(1 + 𝜂 ⋅ 𝜇̄𝑔𝐻 )+𝜂(𝜇𝑔𝐻 (𝑦) − 𝜇̄𝑔𝐻 )+(1 − 𝜆)
(

𝑀(1 + 𝜂 ⋅ 𝜇̄¬𝑔𝐻 )+𝜂(𝜇¬𝑔𝐻 (𝑦) − 𝜇̄¬𝑔𝐻 )
)

and

𝜋¬𝑔𝑔 (𝑦)

=
1 + 𝜂 ⋅ 𝜇¬𝑔𝐻 (𝑦)

𝑀(1 + 𝜂 ⋅ 𝜇̄𝑔𝐻 )+𝜂(𝜇𝑔𝐻 (𝑦) − 𝜇̄𝑔𝐻 )+(1 − 𝜆)
(

𝑀(1 + 𝜂 ⋅ 𝜇̄¬𝑔𝐻 )+𝜂(𝜇¬𝑔𝐻 (𝑦) − 𝜇̄¬𝑔𝐻 )
) ,

41 The distinction is necessary because of the normalizations that get applied 

to the two different rankings and that therefore change the denominators in the 

two cases.

where 𝜇𝑔𝐻 (𝑦) is the propensity to highlight by individuals in 𝑔:

𝜇𝑔𝐻 (𝑦) = ∫𝑥∈𝐻−1(𝑦)
I{𝑥∈𝑔}𝑝𝐴(𝑥)𝑓 (𝑥)𝑑𝑥.

We can apply Lemma 1 and write engagement as:

𝐸𝑁𝐺 =
∑

𝑔=𝐿,𝑅
∫ (𝐶𝐿𝑔(𝑦) +𝐻𝐿𝑔(𝑦)) 𝑑𝑦 =

∑

𝑔=𝐿,𝑅
∫

(

1 + 𝜇𝑔𝐻 (𝑦)
)

𝐶𝐿𝑔(𝑦)𝑑𝑦

=
∑

𝑔=𝐿,𝑅
∫

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔
(

𝜋𝑔𝑔 (𝑦) + (1 − 𝜆)𝜋¬𝑔𝑔 (𝑦)
2 − 𝜆

)

𝑔(𝑦)𝑑𝑦,

where as in the proof of Proposition 2, Λ𝑔
(

𝜋𝑔𝑔 (𝑦)+(1−𝜆)𝜋
¬𝑔
𝑔 (𝑦)

2−𝜆

)

 is the 

probability of being clicked by an individual in 𝑔: 

Λ𝑔
(

𝜋𝑔𝑔 (𝑦) + (1 − 𝜆)𝜋¬𝑔𝑔 (𝑦)
2 − 𝜆

)

=
𝑀 + log 𝛽 ⋅

(

𝑀 − 𝜁0 + 𝜁1
𝜋𝑔𝑔 (𝑦)+(1−𝜆)𝜋

¬𝑔
𝑔 (𝑦)

2−𝜆

)

𝑀 + log 𝛽 ⋅
∑

𝑚′∈𝑀 (𝑀 − 𝑚′)
.

(A.5)

We can compute

𝜕𝐸𝑁𝐺
𝜕𝜆

=
∑

𝑔=𝐿,𝑅

𝜕
𝜕𝜆 ∫

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔
(

𝜋𝑔𝑔 (𝑦) + (1 − 𝜆)𝜋¬𝑔𝑔 (𝑦)
2 − 𝜆

)

𝑔(𝑦)𝑑𝑦

=
∑

𝑔=𝐿,𝑅
∫

(

1 + 𝜇𝑔𝐻 (𝑦)
)

𝜕Λ𝑔
(

𝜋𝑔𝑔 (𝑦)+(1−𝜆)𝜋
¬𝑔
𝑔 (𝑦)

2−𝜆

)

𝜕𝜆
𝑔(𝑦)𝑑𝑦

=
∑

𝑔=𝐿,𝑅

⎛

⎜

⎜

⎜

⎜

⎝

∫𝑦≤0

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔−
′
𝜕
(

𝜋𝑔𝑔 (𝑦)+(1−𝜆)𝜋
¬𝑔
𝑔 (𝑦)

2−𝜆

)

𝜕𝜆
𝑔(𝑦)𝑑𝑦

+ ∫𝑦>0

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔+
′
𝜕
(

𝜋𝑔𝑔 (𝑦)+(1−𝜆)𝜋
¬𝑔
𝑔 (𝑦)

2−𝜆

)

𝜕𝜆
𝑔(𝑦)𝑑𝑦

⎞

⎟

⎟

⎟

⎟

⎠

= 2
∑

𝑔=𝐿,𝑅
∫𝑦>0

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔+
′
𝜕
(

𝜋𝑔𝑔 (𝑦)+(1−𝜆)𝜋
¬𝑔
𝑔 (𝑦)

2−𝜆

)

𝜕𝜆
𝑔(𝑦)𝑑𝑦

= 2
∑

𝑔=𝐿,𝑅
∫𝑦>0

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔+
′

2 − 𝜆
(

𝜕𝜋𝑔𝑔 (𝑦)
𝜕𝜆

+ (1 − 𝜆)
𝜕𝜋¬𝑔𝑔 (𝑦)
𝜕𝜆

+
𝜋𝑔𝑔 (𝑦) − 𝜋

¬𝑔
𝑔 (𝑦)

2 − 𝜆

)

𝑔(𝑦)𝑑𝑦.

Now,

𝜕𝜋𝑔𝑔 (𝑦)
𝜕𝜆

=

(1 + 𝜂 ⋅ 𝜇𝑔𝐻 (𝑦))
(

𝑀(1 + 𝜂 ⋅ 𝜇̄¬𝑔𝐻 ) + 𝜂(𝜇¬𝑔𝐻 (𝑦) − 𝜇̄¬𝑔𝐻 )
)

(

𝑀(1 + 𝜂 ⋅ 𝜇̄𝑔𝐻 ) + 𝜂(𝜇𝑔𝐻 (𝑦) − 𝜇̄𝑔𝐻 ) + (1 − 𝜆)
(

𝑀(1 + 𝜂 ⋅ 𝜇̄¬𝑔𝐻 ) + 𝜂(𝜇¬𝑔𝐻 (𝑦) − 𝜇̄¬𝑔𝐻 )
))2

> 0,

and

𝜕𝜋¬𝑔𝑔 (𝑦)
𝜕𝜆

=

(1 + 𝜂 ⋅ 𝜇¬𝑔𝐻 (𝑦))
(

𝑀(1 + 𝜂 ⋅ 𝜇̄¬𝑔𝐻 ) + 𝜂(𝜇¬𝑔𝐻 (𝑦) − 𝜇̄¬𝑔𝐻 )
)

(

𝑀(1 + 𝜂 ⋅ 𝜇̄𝑔𝐻 ) + 𝜂(𝜇𝑔𝐻 (𝑦) − 𝜇̄𝑔𝐻 ) + (1 − 𝜆)
(

𝑀(1 + 𝜂 ⋅ 𝜇̄¬𝑔𝐻 ) + 𝜂(𝜇¬𝑔𝐻 (𝑦) − 𝜇̄¬𝑔𝐻 )
))2

> 0,
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which immediately implies:

∑

𝑔=𝐿,𝑅
∫𝑦>0

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔+
′

2 − 𝜆

(

𝜕𝜋𝑔𝑔 (𝑦)
𝜕𝜆

+ (1 − 𝜆)
𝜕𝜋¬𝑔𝑔 (𝑦)
𝜕𝜆

)

𝑔(𝑦)𝑑𝑦 > 0,

since Λ𝑔+
′ > 0 and 𝜆, 𝜇𝑔𝐻 (𝑦) ≥ 0 for 𝑔 ∈ {𝐿,𝑅}. Moreover, applying the 

definitions of 𝜋𝑔𝑔  and 𝜋¬𝑔𝑔 , it is easy to see that:

∫𝑦>0

(

1 + 𝜇𝑅𝐻 (𝑦)
)

Λ𝑅+
′

2 − 𝜆

(

𝜋𝑅𝑅 (𝑦) − 𝜋
𝐿
𝑅(𝑦)

)

2 − 𝜆
𝑔(𝑦)𝑑𝑦 > 0

since 𝜋𝑅𝑅 (𝑦) > 𝜋
𝐿
𝑅(𝑦) on R+. Since further, 𝜋𝑅𝑅 (𝑦) + 𝜋

𝐿
𝐿 (𝑦) > 𝜋

𝐿
𝑅(𝑦) + 𝜋

𝑅
𝐿 (𝑦)

on R+, and also 𝜇𝑅𝐻 (𝑦) ≥ 𝜇𝐿𝐻 (𝑦), Λ𝑅+
′ > Λ𝐿+

′ > 0 on R+, we also have:

∫𝑦>0

(

(

1 + 𝜇𝑅𝐻 (𝑦)
)

Λ𝑅+
′(𝜋𝑅𝑅 (𝑦) − 𝜋

𝐿
𝑅(𝑦))

+
(

1 + 𝜇𝐿𝐻 (𝑦)
)

Λ𝐿+
′(𝜋𝐿𝐿 (𝑦) − 𝜋

𝑅
𝐿 (𝑦))

)

𝑔(𝑦)𝑑𝑦 > 0,

which further implies:

∑

𝑔=𝐿,𝑅
∫𝑦>0

(

1 + 𝜇𝑔𝐻 (𝑦)
)

Λ𝑔+
′

2 − 𝜆
(𝜋𝑔𝑔 (𝑦) − 𝜋

¬𝑔
𝑔 (𝑦))

2 − 𝜆
𝑔(𝑦)𝑑𝑦 > 0.

This shows that 𝜕𝐸𝑁𝐺𝜕𝜆 > 0 so that more personalization (larger 𝜆) 

increases engagement both with flat and non-flat highlighting.

Finally,

𝑃𝑂𝐿 =
|

|

|

|

∫ 𝑦 ⋅ 𝐶𝐿𝑅(𝑦)𝑑𝑦 − ∫ 𝑦 ⋅ 𝐶𝐿𝐿(𝑦)𝑑𝑦
|

|

|

|

,

so that, using the same reasoning as in the proof of Proposition 2, we 
can write:

𝜕𝑃𝑂𝐿
𝜕𝜆

= 𝜕
𝜕𝜆

(

2∫𝑦>0
𝑦

(

Λ𝑅
(

𝜋𝑅𝑅 (𝑦) + (1 − 𝜆)𝜋𝐿𝑅(𝑦)
2 − 𝜆

)

− Λ𝐿
(

𝜋𝐿𝐿 (𝑦) + (1 − 𝜆)𝜋𝑅𝐿 (𝑦)
2 − 𝜆

))

𝑔(𝑦)𝑑𝑦

)

= 2∫𝑦>0
𝑦 ⋅ Λ𝑅+

′
(

𝜕𝜋𝑅𝑅 (𝑦)
𝜕𝜆

+ (1 − 𝜆)
𝜕𝜋𝐿𝑅(𝑦)
𝜕𝜆

+
𝜋𝑅𝑅 (𝑦) − 𝜋

𝐿
𝑅(𝑦)

2 − 𝜆

)

𝑔(𝑦)𝑑𝑦

−2∫𝑦>0
𝑦 ⋅ Λ𝐿+

′
(

𝜕𝜋𝐿𝐿 (𝑦)
𝜕𝜆

+ (1 − 𝜆)
𝜕𝜋𝑅𝐿 (𝑦)
𝜕𝜆

+
𝜋𝐿𝐿 (𝑦) − 𝜋

𝑅
𝐿 (𝑦)

2 − 𝜆

)

𝑔(𝑦)𝑑𝑦.

Similar calculations as for ENG show that the first integral is positive 

and dominates the second one, showing overall that 𝜕𝑃𝑂𝐿𝜕𝜆 > 0. Hence, 

more personalization increases polarization both with flat and non-flat 

highlighting. □

Proof of Proposition 5. Recall from Eq. (17):

𝑊𝜓 (𝜂, 𝜆) = 𝜓 ⋅ 𝐸𝑁𝐺(𝜂, 𝜆) − (1 − 𝜓) ⋅𝑀𝐼𝑆(𝜂, 𝜆) ⋅ 𝑃𝑂𝐿(𝜂, 𝜆).

Hence, for 𝜓 = 0, we have 𝑊0 =𝑀𝐼𝑆 ⋅ 𝑃𝑂𝐿, while, for 𝜓 = 1, we have 

𝑊1 = 𝐸𝑁𝐺. The results follow from Propositions 2 and 4.

Consider the non-flat case. It follows immediately that 𝑊0 is maxi­

mized at the smallest possible value of 𝜂, since −𝑀𝐼𝑆⋅𝑃𝑂𝐿 is maximized 

when 𝑀𝐼𝑆 ⋅ 𝑃𝑂𝐿 is minimized and 𝜕𝑀𝐼𝑆
𝜕𝜂 > 0, 𝜕𝑃𝑂𝐿𝜕𝜂 > 0. Also, 𝑊0 is 

maximized at the smallest possible value of 𝜆 again since 𝑃𝑂𝐿𝜕𝜆 > 0 while 
𝑀𝐼𝑆
𝜕𝜆 ≈ 0. The contrary is true for 𝜓 = 1.

By contrast, by analogous arguments, in the flat case, 𝜂 increases 

engagement, but by concentrating the mass of clicks towards 𝜃 = 0, it in­

creases engagement, while decreasing polarization and misinformation; 

higher personalization continues to increase engagement and polariza­

tion. Hence 𝑊0 is maximized at the largest possible value of 𝜂 and the 

smallest possible value of 𝜆, while for 𝜓 = 1, 𝑊1 is maximized at the 

largest possible value of 𝜂 and 𝜆. □

Appendix B . Additional figures and results

We hereby present and discuss some additional figures and results 

that were not discussed or were only very briefly mentioned in the main 

text of the paper.

B.1 . Clicking and highlighting distribution in the case of constant 𝑝𝐴

As discussed in Section 5.1, Fig. B.1 illustrates how in the pres­

ence of a constant probability of being an active type, polarization and 

misinformation both decrease when the highlight weight is higher.

B.2 . Heterogeneous benchmark

Consider the case where individuals can have idiosyncratic bench­

marks 𝜃𝑛. The results do not change qualitatively. In fact, the simulations 

suggest that, for 𝜃𝑛’s centered around 𝜃 and not too dispersed (𝜃𝑛 ∼
𝑁(𝜃, 𝜎2

𝜃̂
) with 𝜎𝜃 ≤ min{ 𝜎𝑥4 ,

𝜎𝑦
4 }), our main results on engagement, popu­

larity and misinformation are rather close to the cases where individuals 

have a common benchmark, 𝜃𝑛 = 𝜃 for all 𝑛. This is illustrated in Fig. B.2 

which shows the effect of 𝜂 on the variables 𝐸𝑁𝐺, 𝑃𝑂𝐿,𝑀𝐼𝑆.

Fig. B.1. Polarization and misinformation decrease for increasing values of 𝜂. Panels (A) and (B) show users’ clicking behavior for 𝜂 = 0 and 𝜂 = 100, respectively. 

Panels (C) and (D) show users’ highlighting behavior for 𝜂 = 0 and 𝜂 = 100, respectively. Polarization decreases from an average value of 1.8 (SD 0.5) to 1.3 (SD 0.3), 

and the misinformation also decreases from an average value of 2.4 (SD 0.6) to 1.7 (SD 0.3).
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Fig. B.2. Engagement, polarization, and misinformation as a function of the highlighting parameter 𝜂 with a common benchmark 𝜃 (solid line) and heterogeneous 

benchmarks 𝜃𝑛 (dotted line). The shaded areas represent the 95% confidence intervals.

Fig. B.3. Individuals’ signal distribution and highlighting propensity with non-centered 𝜃, (with 𝜃 = 6 and 𝜃 = 0); 𝑥∗ denotes the value of 𝑥𝑛 where the highlighting 

propensity is locally maximal.

Fig. B.4. Event study (Italy) - extended time period pre vs. post MSI.

B.3 . Non-centered benchmark

While it is natural to assume that the benchmark 𝜃 splits the signals 

roughly in half in symmetric environments, so that 𝜃 ≈ 𝜃, it may occa­

sionally occur that the two are far apart. In such a situation, individuals’ 

and news items’ signals are shifted away from the benchmark 𝜃. This 

means that a potentially large mass of individuals has a prior belief far 

from 𝜃 and is hence likely to highlight news items far from it but po­

tentially close to 𝜃. Accordingly, an increase in 𝜂 can contribute to both 

higher engagement and at the same time lower misinformation. To see 

this consider Fig. B.3 which illustrates a situation where clearly 𝜃 ≠ 𝜃. 
Here 𝑥∗ ≈ 𝜃 so that a large mass of individuals with a signal close to 

the truth has a large highlighting propensity. An increase in 𝜂 leads to a 

Fig. B.5. Event study: Affective Polarization (Italy).

more prominent ranking for items around 𝑥∗ ≈ 𝜃, which in turn, through 

the effect on the clicking distribution, leads to a lower level of misinfor­

mation as measured by 𝑀𝐼𝑆. Increasing the weight on highlights here 

actually accelerates individuals clicking on news items carrying truthful 

signals.

B.4 . Empirical evidence on meaningful social interactions and political 

polarization: additional information

B.4.1 . Affective polarization in Italy

Since Italy is a multi-party political system, we follow Alvarez and 

Nagler (2004) and Wagner (2021) and define a measure of Weighted 
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Fig. B.6. Event study (US).

Table B.1 

MSI and non-moderate ideological position: Robustness.

(1) (2) (3) (4)

Non-moderate Non-moderate Non-moderate Non-moderate

Ideology Ideology Ideology Ideology

Opinion via internet

× Post MSI

0.069*** 0.054** 0.052** 0.050**

(0.022) (0.022) (0.022) (0.021)

Opinion via internet −0.004 0.001 0.003 0.003

(0.014) (0.015) (0.014) (0.014)

Post MSI −0.003 0.184

(0.016) (0.211)

Observations 19,820 19,820 19,820 19,820

Mean pre-MSI 0.36 0.36 0.36 0.36

SD pre-MSI 0.48 0.48 0.48 0.48

Municipality FE YES YES YES YES

Individual controls YES YES YES YES

Individual controls 

interacted with Post 

MSI

NO YES YES YES

Survey-wave FE NO NO YES NO

Region-survey wave 

FE

NO NO NO YES

Note: Time horizon: June 2017–December 2017 and April–December 2018. All 

estimates include the following control variables: age, age squared, gender, num­

ber of resident family members, level of education, type of occupation, religiosity 

of the respondent and interview format (telephone/mobile assisted or computer-

assisted). Observations are weighted according to the sampling weights provided 

by Ipsos and thus the results are representative of the Italian voting age pop­

ulation. Robust Standard Errors are in parenthesis. *** p<0.01, ** p<0.05, * 

p<0.1

Affective Polarization (WAP) for individual 𝑖 as: 

𝑊𝐴𝑃 =

√

√

√

√

√

𝑃
∑

𝑝=1
𝑣𝑝 ∗∣ 𝑠𝑦𝑚𝑝𝑖𝑝 − 𝑠𝑦𝑚𝑝𝑖 ∣ , (B.1)

where 𝑣𝑝 is the vote share of party 𝑝 (measured as a proportion rang­

ing from 0 to 1), 𝑠𝑦𝑚𝑝𝑖𝑝 is measured with the probability attached by 

individual 𝑖 to voting for party 𝑝 (ranging from 0 to 10), and 𝑠𝑦𝑚𝑝𝑖 is 
individual 𝑖’s weighted average party sympathy score. That is:

𝑠𝑦𝑚𝑝𝑖 =
𝑃
∑

𝑝=1
𝑣𝑝 ∗ 𝑠𝑦𝑚𝑝𝑖𝑝 . (B.2)

B.4.2 . Evidence from Italy: robustness

Fig. B.4 presents event-study estimates encompassing a longer time 

span—with respect to the baseline event study of Fig. 4—before and 

Table B.2 

MSI and Affective Polarization: Robustness.

(1) (2) (3) (4)

Affective Affective Affective Affective

Polarization Polarization Polarization Polarization

Opinion via internet

× Post MSI

0.077* 0.100** 0.095** 0.080**

(0.041) (0.042) (0.041) (0.040)

Opinion via internet −0.004 −0.010 −0.012 −0.008

(0.024) (0.024) (0.024) (0.023)

Post MSI 0.264*** 0.303

(0.029) (0.418)

Observations 10,802 10,802 10,802 10,802

Mean pre-MSI 1.21 1.21 1.21 1.21

SD pre-MSI 0.56 0.56 0.56 0.56

Municipality FE YES YES YES YES

Individual controls YES YES YES YES

Individual controls 

interacted with Post 

MSI

NO YES YES YES

Survey-wave FE NO NO YES NO

Region-survey wave 

FE

NO NO NO YES

Note: Time horizon: June 2017–December 2017 and April–December 

2018. All estimates include the following control variables: age, age 

squared, gender, number of resident family members, level of educa­

tion, type of occupation, religiosity of the respondent and interview type 

(telephone or computer). Observations are weighted according to the 

sampling weights provided by Ipsos and thus the results are represen­

tative of the Italian voting age population. Robust Standard Errors are in 

parenthesis. *** p<0.01, ** p<0.05, * p<0.1

after the MSI update (up to nine months before and nine months after 

the MSI update).42

Fig. B.5 presents event-study estimates on affective polarization pro­

viding evidence of the absence of pre-trends. Notice, that the measure 

of affective polarization hinges upon survey questions that were absent 

from the February and March 2018 survey waves and it was present only 

in a subset of the December 2017 survey waves. Accordingly, the figure 

reflects only the estimates corresponding to the available data in a given 

month-year. One possible concern regarding the causal interpretation 

of our results linking Facebook’s MSI update and political polarization 

in Italy arises due to the concurrent general elections in Italy in March 

2018. With respect to this issue we notice that, by including survey-wave 

fixed-effect (or region-survey wave fixed effects), our empirical strategy 

accounts for and controls for any general trend in political polarization 

over time and across regions. At the same time, one might argue that the 

presence of elections might have led to a differential trend in political 

polarization between individuals who used the internet to form an opin­

ion and the ones who did not which was not due to those MSI algorithm 

per se (e.g., an increase in online fake news before elections). In response 

to this argument, we first point out that the MSI algorithm might have 

further amplified the diffusion of fake-news as predicted by our model. 

Second, we provide below evidence suggesting a polarization effect even 

when dropping the months immediately after the MSI update and before 

the elections (i.e., January–March 2018). Specifically, Tables B.1 and 

B.2 present results when comparing the period June–December 2017 

(pre-MSI) with April–December 2018 (post-MSI and post-elections).

B.4.3 . Evidence from US: event study and robustness

Fig. B.6 presents the results of an event study specification with one 

lag and two leads (according to the most demanding specification of 

Table 3).

42 Notice that the lead minus five is not present as the survey was not conducted 

in August 2017, similarly the lag plus seven is absent as the survey was not 

conducted in August 2018.
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Table B.3 

MSI and non-moderate ideological position - Restricted time frame around MSI 

update.

(1) (2) (3) (4)

Non-moderate Non-moderate Non-moderate Non-moderate

Ideology Ideology Ideology Ideology

Facebook User ×
Post MSI

0.0890*** 0.0848** 0.0842** 0.0839**

(0.034) (0.036) (0.038) (0.038)

Facebook User −0.0596** −0.0561** −0.0554** −0.0547**

(0.023) (0.024) (0.026) (0.026)

Post MSI −0.0322 −0.1464*

(0.024) (0.085)

Observations 6738 6738 6738 6738

Mean pre-MSI 0.19 0.19 0.19 0.19

SD pre-MSI 0.39 0.39 0.39 0.39

Individual controls YES YES YES YES

Individual controls 

interacted with Post 

MSI

NO YES YES YES

Survey wave FE NO NO YES NO

Region-survey Wave 

FE

NO NO NO YES

Note: Time horizon: July 2016, August 2017, May 2018, July 2018. All estimates 

include the following control variables: marital status, income segment, age cate­

gory, gender, education level, ethnicity, religion, attendance at religious services, 

and language of the interview. Observations are weighted according to the sam­

pling weights provided by the Pew American Trends Panel, and thus, the results 

are representative of the US voting-age population. Robust Standard Errors in 

parenthesis. *** p<0.01, ** p<0.05, * p<0.1, + p<0.15

Table B.4 

MSI and non-moderate ideological position - Dropping 2016 Presidential Election 

Year.

(1) (2) (3) (4)

Non-moderate Non-moderate Non-moderate Non-moderate

Ideology Ideology Ideology Ideology

Facebook User ×
Post MSI

0.0721* 0.0695+ 0.0684+ 0.0708+

(0.040) (0.047) (0.047) (0.046)

Facebook User −0.0488 −0.0462 −0.0462 −0.0487

(0.037) (0.041) (0.041) (0.040)

Post MSI −0.0288 −0.0706

(0.026) (0.107)

Observations 5601 5601 5601 5601

Mean pre-MSI 0.19 0.19 0.19 0.19

SD pre-MSI 0.40 0.40 0.40 0.40

Individual controls YES YES YES YES

Individual controls 

interacted with Post 

MSI

NO YES YES YES

Survey wave FE NO NO YES NO

Region-survey Wave 

FE

NO NO NO YES

Note: Time horizon: August 2017, May 2018, July 2018. All estimates include 

the following control variables: marital status, income segment, age category, 

gender, education level, ethnicity, religion, attendance at religious services, and 

language of the interview. Observations are weighted according to the sam­

pling weights provided by the Pew American Trend Panel, and thus, the results 

are representative of the US voting-age population. Robust Standard Errors in 

parenthesis. *** p<0.01, ** p<0.05, * p<0.1, + p<0.15

Table B.3 reports robustness estimates of the impact of the MSI up­

date on non-moderate ideological positions in the U.S., restricting the 

sample to a narrower time window around the update (July 2016–July 

2018). The resulting coefficients remain in line with those from the 

baseline specification and are estimated with comparable precision. 

Table B.4 presents estimates excluding survey responses collected dur­

ing the 2016 U.S. presidential election year, while Table B.5 focuses on a 

narrower comparison between the year before and the year after the MSI 

Table B.5 

MSI and non-moderate ideological position - 2017–2018 period.

(1) (2) (3) (4)

Non-moderate Non-moderate Non-moderate Non-moderate

Ideology Ideology Ideology Ideology

Facebook User ×
Post MSI

0.0797* 0.0750+ 0.0750+ 0.0779+

(0.043) (0.049) (0.049) (0.048)

Facebook User −0.0521 −0.0462 −0.0462 −0.0487

(0.037) (0.041) (0.041) (0.040)

Post MSI −0.0319 −0.1404

(0.027) (0.112)

Observations 4310 4310 4310 4310

Mean pre-MSI 0.19 0.19 0.19 0.19

SD pre-MSI 0.40 0.40 0.40 0.40

Individual controls YES YES YES YES

Individual controls 

interacted with Post 

MSI

NO YES YES YES

Survey wave FE NO NO YES NO

Region-survey Wave 

FE

NO NO NO YES

Note: Time horizon: August 2017, May 2018, July 2018. All estimates include 

the following control variables: marital status, income segment, age category, 

gender, education level, ethnicity, religion, attendance at religious services, and 

language of the interview. Observations are weighted according to the sam­

pling weights provided by the Pew American Trends Panel, and thus, the results 

are representative of the US voting-age population. Robust Standard Errors in 

parenthesis. *** p<0.01, ** p<0.05, * p<0.1, + p<0.15

update (2017–2018). Overall, the results in Tables B.4 and B.5 reinforce 

the baseline findings. While the reduced sample sizes naturally lead to 

larger standard errors, the point estimates remain stable and consistent 

with our main analysis.

Data availability

The Italian survey data is confidential. Yet, the codes and the ref­

erences to request the data will be made available. The code and data 

concerning the US surveys will be made available.
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